
	

1	
	

Congestion management in protected areas:  1	

Accounting for respondents’ inattention and preference heterogeneity 2	

in stated choice data  3	

Mara Thiene1, Cristiano Franceschinis1, Riccardo Scarpa2,3,4 4	
1Department of Land and Agro-Forest Environments, University of Padova, Italy 5	

2Durham University Business School, Durham University, UK 6	
3Department of Economics, Waikato Management School, University of Waikato, New Zealand 7	

4Department of Business Economics, University of Verona, Italy 8	

Abstract 9	

Congestion levels in protected areas can be predicted by destination choice models estimated from 10	

choice data. There is growing evidence of subjects’ inattention to attributes in choice experiments. 11	

We estimate an ANA Latent Class-Random Parameters model (LC-RPL) that jointly handles 12	

inattention and preference heterogeneity. We use data from a choice experiment designed to elicit 13	

visitors’ preferences towards sustainable management of a protected area in the Italian Alps. Results 14	

show that the LC-RPL model produces improvements in model fit and reductions in the implied 15	

rate of inattention, as compared to traditional approaches. Implications of results for Park 16	

management authorities are discussed.  17	

 18	

Corresponding author: Mara Thiene 19	

Address: Viale dell’Università 16, Legnaro, 35020, PD, Italy 20	

Email: mara.thiene@unipd.it 21	

Phone: +39 049-827-2760  22	

  23	



	

2	
	

1. Introduction 24	

This paper explores the benefits of accounting for choice heuristic strategies when using destination 25	

choice models to inform management plans of protected areas in agriculturally marginal lands. One 26	

of the main challenges that managers of protected areas need to face is to pursue the goals of nature 27	

conservation, cost efficiency and income generation for local operators. While conservation is the 28	

raison d'être of protected areas, it is also true that tourism can generate income for local populations 29	

and contribute to the financial self-sufficiency of such agriculturally marginal areas. Indeed, 30	

because of the increasing dearth of public funds, the financial self-sufficiency of protected areas is 31	

crucial for their economic sustainability. On the other hand, the excessive human pressure that 32	

tourism may cause can lead to reductions in biodiversity and environmental quality of natural areas 33	

through litter, noise, and human access to fragile lands. It may also restrict economic land use 34	

options for farmers. Developing effective management plans can therefore be extremely challenging 35	

for the local authorities in charge of protected areas. Furthermore, visitors of protected areas tend to 36	

have well differentiated needs and preferences, which are often difficult to reconcile across interest 37	

groups. For this reason, an improved understanding of the recreational demand is crucial to develop 38	

management plans aimed at attracting visitors while preserving nature and satisfying the 39	

expectation of local residents whose income is derived in part by forestry and grazing.  40	

Over the past decades, destination choice models based on choice experiment (CE) data have 41	

become a popular method to model preferences for outdoor recreation. Such approach has been 42	

applied in different recreational environments, such as beaches/seas (Wielgus et al., 2009, Matthews 43	

et al., 2018), lakes (Smirnov and Egan, 2012), forests (Juutinen et al., 2014; Oviedo et al., 2016) 44	

and mountains (Sælen and Ericson, 2013). Among CE studies that focused on outdoor recreation in 45	

protected areas, there are Thiene et al. (2012) at Natural Park of the Regole D'Ampezzo (Italy), 46	

Juutinen et al. (2011) at Oulanka National Park (Finland), Chaminuka et al. (2012) at Kruger 47	

National Park (South Africa) and Jeanloz et al. (2016) at National Park Hoge Kempen (Belgium). 48	
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Some studies specifically addressed the issue of overcrowding in natural areas. Kohlhardt et al. 49	

(2017) investigated visitors' preferences for attributes of Garibaldi Provincial Park in British 50	

Columbia (Canada) and found that overcrowding negatively affects utility associated with visits, 51	

especially when it occours in location with access to exceptional viewscapes. Thiene et al. (2017) 52	

also found evidence of negative effects from increasing number of people encountered while 53	

trekking on trails in the Dolomiti Bellunesi National Park (Italy). Results from the study of Leon et 54	

al. (2015) at national Park of Rosario and San Bernardo (Colombia) showed that tourists have 55	

different preferences for recreation sites according to the level of congestion.  56	

 57	

The methodology behind CE is rapidly evolving and substantial progress has been made in recent 58	

years in terms of both experimental design and data analysis. As part of these developments much 59	

effort has been devoted to studying the use of choice heuristics, or simplified decision rules used by 60	

respondents, whose choice behaviours do not align with standard model assumptions. One of the 61	

heuristics that have been identified in the literature is the tendency to ignore one or more of the 62	

attributes describing alternatives during their evaluation, a phenomenon that has been labelled 63	

attribute non-attendance (ANA). Following the contribution by Hensher et al. (2005) several papers 64	

have reported evidence of ANA in a variety of fields including transportation (Hensher, 2006; 65	

Hensher and Greene, 2010; Collins 2012), environmental valuation (Campbell et al., 2008; Scarpa 66	

et al.; 2009; Carlsson et al., 2010; Balcombe et al., 2011; Kragt, 2013), food choice (Kaye-Blake, et 67	

al. 2009; Caputo et al. 2013) and health economics (Ryan et al., 2009; Hole, 2011). There is also 68	

growing evidence that, when ignored, attribute non-attendance may lead to biased coefficient 69	

estimates, and hence biased estimates of willingness to pay (Scarpa et al., 2009; Hensher and 70	

Greene, 2010; Hole, 2011; Kravchenko 2014). Various methods have been proposed in the 71	

literature for identifying attribute non-attendance. One approach is to directly ask survey 72	

respondents whether they ignored any of the attributes when making their choices (Stated ANA). 73	

Another approach is to use econometrics to estimate the probability of attribute non-attendance 74	
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directly from choice patterns (Inferred ANA). The type of model used for this has typically been an 75	

Equality-Constrained Latent Class model, where the classes, rather than latent preference groups, 76	

represent different attribute processing strategies and during estimation parameters are set to zero in 77	

specific classes to account for ignored attributes (Scarpa et al., 2009, Hensher and Greene, 2010; 78	

Campbell et al., 2011), while they are constrained to be equal across classes when non zero. As 79	

noted by Hess et al. (2013), this approach might produce misleading results because while 80	

accounting for non-attendance it ignores taste heterogeneity. For his reason, some recent studies 81	

advocated the adoption of choice models that simultaneously account for ANA and latent taste 82	

heterogeneity (e.g. Hensher et al., 2013; Hess et al., 2013; Collins 2012; Collins et al., 2013; Caputo 83	

et al. 2013). Such studies found this approach to improve model performance and to retrieve lower 84	

ANA rates and a more accurate description of respondents’ choice behaviour, which ultimately 85	

ought to generate superior policy recommendations.  86	

Despite its advantages, to the best of our knowledge this approach has never been applied in 87	

empirical studies on outdoor recreation in natural areas. Investigating ANA in such context is 88	

particularly relevant in the light of the many activities visitors practice in conservation and 89	

recreation areas and the respective visitors’ categories. It is quite plausible that in deliberating 90	

destination choice visitors interested in practicing a specific activity assign more weight to 91	

attributes directly affecting the activities of interest and might completely ignore others. This would 92	

lead to incomplete trade-offs and non-compensatory choice, thereby violating basic choice model 93	

assumptions. For examples, visitors only interested in picnicking may ignore attributes related to 94	

hiking trails, or visitors only interested in training (e.g. mountain bikers) may ignore attributes 95	

related to park biodiversity.  96	

To tackle these issues, we estimate destination choice models on data retrieved from a CE focused 97	

on visitors’ preferences for park attributes at National Park Dolomiti Bellunesi, a protected area in 98	

the North-East of Italy. In our modelling approach, we overlay to the attribute non-attendance 99	

classes, which is a choice behaviour process, a preference heterogeneity process. The latter is based 100	
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on assumptions of continuous distributions of random parameters within each non-attendance class 101	

and independent across classes. In other words, we estimate an ANA Latent Class-Random 102	

Parameters model (LC-RPL) that simultaneously accounts for both ANA and preference 103	

heterogeneity. 104	

To explore the benefits of accounting for both ANA and preference in outdoor recreation studies, 105	

we use the estimates of the econometric model to simulate outcomes for two policy scenarios. 106	

These involve changing the provision of picnicking facilities in the park. In particular, we analysed 107	

the shift of visit probability in the seven top park destinations: Passo Croce d’Aune, Val di Lamen, 108	

Val di Canzoi, Val del Mis, Candaten, Val Cordevole and Val dell’Ardo. We focused on changes in 109	

picnicking facilities because of the popularity of such activity within the park. From the 110	

management view point it is also one of the most impactful in terms of both environmental and 111	

economic implications. Some of the main picnicking destinations, such as Val del Mis, report large 112	

numbers of visitors and are experiencing periodical overcrowding. Predicting the change in visits 113	

distribution caused by specific policy measures can be a crucial tool to help park authorities to 114	

develop management plans aimed at alleviating pressure on the environment at congested sites.  115	

This paper contributes to the literature in two ways. First, it explores the advantages of adopting 116	

LC-RPL models to investigate both ANA and taste heterogeneity in empirical applications on 117	

outdoor recreation. To the best of our knowledge, it is the first study to do so. Second, it 118	

investigates the potential of such approach in terms of informing policies aimed at reducing 119	

overcrowding and congestion issues in recreational sites. 120	

 121	

The remainder of the paper is organized as follows: section 2 illustrates ANA in detail and reviews 122	

previous studies on this field; section 3 outlines the econometric model adopted in the study; section 123	

4 describes data collection; section 5 reports the results of our study whereas section 6 presents the 124	

conclusions.  125	

	  126	



	

6	
	

2. Attention to destination attributes 127	

CE is based on the economic theory of consumer behaviour (Lancaster, 1966; McFadden, 1974), 128	

which posits various axioms about individuals’ preferences, amongst which that these are complete, 129	

monotonic, transitive and continuous. Continuity of preferences implies that individuals use fully 130	

compensatory in their decision-making processes. Typically, in a CE, this implies that respondents 131	

make trade-offs between the levels of each attribute to choose their preferred alternative. However, 132	

attention is costly, and in practice respondents may often lack the incentives and/or the cognitive 133	

resources to optimize their decision and to formulate accurate judgments based on tradeoffs across 134	

all proposed attributes (Cameron and DeShazo, 2010). For this reason, it has been argued that 135	

respondents behave in a rationally adaptive manner by seeking to minimize cognitive cost of choice 136	

and maximize benefit while making choices (DeShazo and Fermo, 2004). Respondents may 137	

therefore employ various attribute processing heuristics when making choices. Heuristics are 138	

strategies that consists in processing the available information with the goal of making decisions 139	

less cognitively costly, more quickly, frugally, and/or accurately than what is implied by more 140	

complex methods (Gigerenzer and Gaissmaier, 2011). If heuristic strategies are adopted, failing to 141	

account for them is likely to lead to misguided inference, as the econometric models used to analyze 142	

choice may not reflect the actual choice behaviour (Campbell et al., 2014).  143	

The adoption of heuristic strategies often results in respondents choosing as if they were 144	

systematically ignoring one or more attributes, a phenomenon called attribute non-attendance 145	

(ANA). The collection of statistical evidence coherent with ANA has been carried out with different 146	

methods in the literature. Two common approaches are stated ANA and inferred ANA (Hensher, 147	

2006; Scarpa et al., 2009; Scarpa et al., 2010). Stated ANA involves asking respondents specific 148	

follow-up questions to identify the attributes that they ignored when choosing, while inferred ANA 149	

refers to analytical models that “infer” from the observed pattern of choices.  150	

Stated ANA is the first that has been used in the literature (Hensher et al., 2005) and can be further 151	

divided in two variants: serial ANA and choice task ANA. In the serial ANA, respondents are asked 152	
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at the end of the sequence of choice tasks to report what attribute they feel they systematically 153	

ignored when choosing their preferred alternative. Instead, in the choice task ANA, such question is 154	

asked after each choice task. 155	

The answers to these questions are usually used to inform the correct utility specification of discrete 156	

choice models. A common approach, described in Hensher et al. (2005) and then adopted by others 157	

(Hensher et al., 2007; Kaye-Blake et al., 2009; Kragt, 2013; Khelbacher et al., 2013) is to specify 158	

random parameter logit models in which the coefficient of attributes that respondents state to have 159	

ignored is constrained to zero. Such zero-constrained coefficients have been used by Campbell et al. 160	

(2008) who implemented them into an error component models with heteroskedastic errors for 161	

subsets of respondents that ignored different numbers of attributes. Similar zero-constraints were 162	

used by Scarpa et al. (2010), who adopted a heteroskedastic MNL accounting for error variance 163	

induced by design-related factors and ANA (both at the serial and choice task level).  164	

It has been argued that respondents may state to have ignored an attribute even when they actually 165	

only assigned low importance to it (Hess et al., 2013). To overcome this issue, some studies opted 166	

to reduce the magnitude of ignored coefficients by means of shrinking parameters, instead of 167	

constraining them to zero (Hess and Hensher, 2010; Alemu et al., 2013; Kelbacher et al., 2013; 168	

Balcombe et al., 2014; Balcombe et al., 2015; Chalak et al., 2016). Such parameters are usually 169	

specified as having a continuous distribution in the interval [0,1] to relax the assumption that the 170	

non-attendance implies zero marginal utility (Carlsson et al., 2010; Balcombe et al., 2015). Another 171	

approach is based on separate estimations of attributes coefficients for respondents who reported 172	

complete attendance and for those who stated some form of ANA (Hess and Hensher, 2010; Scarpa 173	

et al., 2013).  174	

Campbell and Lorimer (2009) questioned whether respondents’ statements are reliable, as 175	

respondents may not answer follow-up questions truthfully for several reasons, such as social 176	

pressure to either care about specific attributes (especially in face-to-face interviews), or to consider 177	

all attributes as relevant (Balcombe et al., 2011). Another issue with using respondents’ statements 178	
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is potential endogeneity bias that arises from conditioning a model on self-reported ANA (Hess and 179	

Hensher, 2012). In several studies it was proposed the inferred approach as an alternative method to 180	

account for ANA (Scarpa et al., 2009; Hensher and Greene 2010; Hess and Hensher 2010). This 181	

method statistically infers ANA behaviour through the estimation of analytical models from 182	

observed choices. ANA is typically inferred by means of (behavioural) latent class models in which 183	

classes reflect different processing strategies (Hensher et al., 2012; Caputo et al.; 2013; Lagarde, 184	

2013; Glenk et al., 2015; Thiene et al., 2015; Hole et al., 2016; Caputo et al. 2017). Typically, such 185	

models include: i) a class in which all coefficients are constrained to zero, to which are likely to 186	

belong those individuals who ignored every attribute, therefore making random choices; ii) a class 187	

in which all coefficients are estimated, to which are likely to belong those who attended every 188	

attribute; iii) different combination of classes in which one or more potentially less relevant 189	

attributes are constrained to zero. Non-zero coefficients (that are those for attributes that have been 190	

attended to) are assumed to take the same values across classes (Scarpa et al., 2009; Hensher and 191	

Greene, 2010; Campbell et al., 2011; Hess et al., 2013). However, while practical this restriction is 192	

undesirable as it implies that all respondents are preference clones, because it ignores heterogeneity 193	

across people. Some applications (Caputo et al. 2013; Thiene et al. 2015) overcome this by mixing 194	

ANA classes with preference classes. 195	

A more flexible form inspired by the combination of latent classes with continuous random 196	

parameters (LC-RPL) originally proposed by Bujosa et al. (2010) was extended to choice models 197	

with ANA by Collins (2012), and later adopted by others (Collins et al. 2013; Hess et al., 2013; 198	

Hensher et al., 2013). We also adopt an ANA LC-RPL specification to account for both attribute 199	

non-attendance and continuous taste heterogeneity. All studies based on models mixing preference 200	

variation with ANA classes found that ANA rates are substantially reduced, thereby suggesting that 201	

ANA can be (at least partially) confounded with taste heterogeneity.  202	

Another method to infer ANA was proposed by Hess and Hensher (2010) (see also Scarpa et. al, 203	

2013) and it is based on the estimation of the individual posterior conditional distributions of 204	
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coefficients from a mixed logit model. In particular, they retrieved the individual-specific means (µ) 205	

and variances (σ) of random coefficient distributions to compute coefficients of variation (the ratio 206	

between σ/µ). High ratios (e.g. larger than 2) suggest large variability of the specific taste parameter 207	

and a high likelihood of inattention to the specific attribute by that respondent.  208	

The inferred approach has been also applied to investigate the influence of individuals’ 209	

characteristics on ANA probabilities. For example, Balbontin et al. (2017) related ANA to 210	

individuals' risk attitudes, whereas Sandorf et al. (2017) investigated the influence of knowledge 211	

about an attribute on probability to attend it. 212	

Several studies employed both the stated non-attendance and the inferred non-attendance approach 213	

(Hensher et al., 2007; Hensher and Rose, 2009; Campbell et al., 2011; Scarpa et al., 2013). The 214	

overall finding is that results from inferred and stated ANA are inconsistent with each other, and 215	

that the inferred approach generally provides a better model fit.  216	

Finally, the so-called revealed ANA involves detecting ANA by forcing the respondent to access 217	

information to attributes through various means (e.g. mouse movements and clicks in Kaye-Blake, 218	

2006 and Kravchenko, 2016) or by means of eye-tracking technologies, which monitor the fixations 219	

and time spent on each attribute (Balcombe et al., 2015; Spinks and Mortimer, 2015; Balcombe et 220	

al., 2016; Chavez et al., 2016). This approach has the advantage of retrieving information without 221	

eliciting them from respondents, providing a less biased measure than that retrieved from stated 222	

ANA (Balcombe et al., 2015). Data retrieved by using this approach are usually modelled as in 223	

stated ANA approach, that is by estimating parameters that shrink the coefficients for attributes 224	

non-attended (Balcombe et al., 2015; Chavez et al., 2016). These studies found inconsistencies 225	

between stated and revealed ANA and that models informed with both approaches had the best 226	

results in terms of statistical fit. Importantly for serial ANA, Scarpa et al. (2010) and Spinks and 227	

Mortimer (2015) report evidence showing that the number of attributes ignored by each respondent 228	

can vary among choice tasks, thereby explaining differences between choice task and serial non-229	

attendance. 230	
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 231	

3. The econometric model 232	

In CE, probability selection of alternative i at choice task t is modelled using Random Utility 233	

Theory (Luce, 1959; McFadden, 1974) and the logit probability. Respondent n facing a set of J 234	

mutually exclusive alternatives denoted by j=1,…,J, and belonging to ANA class c, has utility from 235	

alternative i as a function of K attributes. Utility functions are assumed to be composed of a 236	

systematic part !!", dependent on researcher-observables, and of a random part !! standing for 237	

researcher-unobserved utility: 238	

!!"#|! =  !!"#|! +  !! = !!"!!!" +  !!    ∀ i in J,   ! = 1,2,… ,!   ! = 1,2,… ,!   ! = 1,2,… ,!  (1) 239	

For ANA classes specific values of !!"#  are zero-constrained. If the unobserved error term !! is 240	

assumed to be i.i.d. extreme value type I, the conditional probability of individual n choosing 241	

alternative i out of J alternatives is logit: 242	

!"#$ !! > !! ,∀!|!,!!" = !!"#|!,!!" =  !"#(!!"!!!")
!"#(!!"!!!")!

!!!
  (2) 243	

This is the choice probability conditional on belonging to ANA class c and random coefficient 244	

values !!", which are each distributed according to parametric densities with location and scale 245	

parameters to be estimated, and are also class-specific.  246	

Following Bujosa et al., (2010) and Greene and Hensher, (2013) we derive the unconditional choice 247	

probabilities by integrating over both finite mixing of latent classes probabilities as well as 248	

parametric densities for !!". 249	

To specify the membership probability to each latent ANA class, we adopt a semi-parametric form 250	

based on a class-specific constant term α (Scarpa and Thiene, 2005), where for class 1 such term is 251	

set to zero for identification. Using a Logit formulation for the class allocation model, the 252	

probability that individual n belongs to segment C is given by: 253	
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!!" =  !"#(!! )
!"#(!! )!!!!!!

 , where α!!! = 0, for identification purposes.  (3) 254	

Respondents preferences !!" vary continuously within each class with class specific hyper-255	

parameters (e.g. mean µc and st. dev. σc), which need estimation. The model simultaneously derives 256	

ANA class probabilities for respondents conditional on individual characteristics and estimates the 257	

distributional features of random utility parameters within each class which account for preference 258	

heterogeneity. 259	

Integrating out within-class variation of preferences is obtained by: 260	

!!"#|! =  !"# !!"! !!"
!"# !!"! !!"!!!

!!!

!!!
!!! ! !!" !!!"  (4) 261	

where random parameters follow a separate distributional law in each class and their random 262	

behaviour in class c is regulated by µc and σc (Train, 1998; McFadden and Train, 2000). Finally, the 263	

LC-RPL unconditional probability that individual n chooses the t sequences of i in their choice task 264	

sequence can be written from equations (3) and (4) integrating out behavioural ANA classes as:	265	

!!"# =  !!"!!"#|!!!!
!!!    (5) 266	

Therefore, the sample log-likelihood reduces to: 267	

!! =  ln !!"#!
!!!   (6) 268	

Estimation involves the evaluation of a multiple-dimensional integral in (4) that has no close-form. 269	

So, in estimation this model requires approximation of (4) by numerical methods (Bhat, 1998; 270	

Revelt and Train, 1998).  271	

Post estimation, the attributes’ coefficients retrieved from the LC-RPL model were then used to 272	

simulate the change in destination choice probability to the seven main sites of the park (Passo 273	

Croce d’Aune, Val di Lamen, Val di Canzoi, Val del Mis, Candaten, Val Cordevole and Val 274	

dell’Ardo) under two hypothetical policy scenarios. The first scenario involved the introduction of 275	
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an additional picnic area in Val di Lamen, whereas the second scenario focused on removing one 276	

picnic site from Val del Mis. Choice probabilities of each site were computed by including in the 277	

utility functions retrieved from the econometric model the actual attribute levels for each site, based 278	

on current park state.  279	

4. Park features and stated choice data collection 280	

In this paper, we explore visitors’ preferences towards the implementation of sustainable 281	

management policies at Dolomiti Bellunesi National Park. The park, established in April 1990, is 282	

located in the North-eastern Italian Alps, covers 32,000 hectares and is the only nationally protected 283	

area of the region. Since 2009 it has been a UNESCO World Heritage site due to its biodiversity 284	

and to the remains of ancient human activities, which include several prehistoric archaeological 285	

sites, the mining centre of Valle Imperina, boasting over half a millennium of history, the 286	

Carthusian monastery of Vedana, the little churches of the piedmont area, the ancient medieval 287	

hospices of Val Cordevole, military roads, shepherds' huts, and all the so-called "minor" signs of the 288	

ancient life of man in the mountains.  289	

One of the main features of the park is its outstanding landscape and its flora, which consists of 290	

about 1400 species, among which are many species deserving of mention, either because they are 291	

endemic, rare, or have great phytogeographical value. The presence of rare species and 292	

exceptionally high variety of environments is due primarily to the geographic location of the park. It 293	

lies on the South-eastern margin of the Alps in very inaccessible areas, some of which have 294	

remained ice-free during the last glaciation (10,000 to 12,000 years ago). 295	

The park is also habitat to 42 species of mammals, 14 of which are included in the annexes of the 296	

EU Habitat Directive and therefore object of special protection. Among carnivores, bear, lynx and 297	

wolf are present in the park, which are very rare species in Italy. 298	

Data were collected during summer 2013 during face to face interviews. A pilot study was 299	

conducted in June 2013 to calibrate the questionnaire. Upon the request of the park’s management 300	
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authorities, respondents were randomly selected within three categories of visitors, based on their 301	

main activity practiced during the day of the interview. These groups were: hikers, mountain-bikers 302	

and visitors who engaged in short-walks and/or pic-nicking. A final sample of 432 respondents 303	

completed the survey. To ensure a fully balanced design 144 respondents were interviewed for each 304	

of the three groups.  305	

The attributes and levels were defined in agreement with the park’s management, who was 306	

interested in collecting information about a specific subset of services. The CE consisted of ten 307	

attributes, whose levels are reported and described in Table 1.  308	

The first attribute deals with bivouacs, which are facilities similar to alpine shelters located at high 309	

altitude in order to provide refuge to visitors in case of bad weather conditions. Currently, they can 310	

be accessed by visitors only upon request of the keys (baseline). The proposed service improvement 311	

is that they be always open and supplied with food and firewood. The second attribute focused on 312	

information centers. Currently there are two information centers, but the park was interested in 313	

investigating preferences for the creation of either two or five additional centers. The third attribute 314	

deals with the access to two of the main sites of the park: Val Canzoi and Val del Mis. These sites 315	

receive a large number of visitors, so the park authority is interested in exploring how to best 316	

manage car access. The baseline is that access to be always open, whereas the other two levels are 317	

either denying car access on Sundays or on both Saturdays and Sundays. The fourth attribute is 318	

related to congestion. The levels are: encountering less than 20 people, between 20 and 40, and 319	

more than 40 people. The fifth attribute focuses on the number of picnic areas. Currently there are 320	

30 picnic areas, the two improvement levels propose to build 10 and 20 new dedicated areas, 321	

respectively. The sixth attribute concerns the reintroduction of the griffon vulture, a large bird 322	

iconic species which used to live in the park habitat. The seventh attribute concerns the timing of 323	

access to information centers. Currently, such facilities are open only during weekends, and the 324	

option of opening in the mornings of weekdays was explored. In addition, the last level proposed 325	

information centers being open two afternoons during weekdays as well. Thematic itineraries 326	
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specifically focus on flora, fauna, cultural and historical aspects are one of the main attractions of 327	

the park. There are eight thematic itineraries and the service improvement included in the CE are to 328	

introduce additional eight or sixteen itineraries. Mountain-bikers are an important part of the 329	

tourism that interests the park, although no dedicated trails or services are available to them. As 330	

such, the park is interested in evaluating the creation of 2 or 5 mountain-bike itineraries. Currently, 331	

there is no entrance-fee to access the park. However, due to the decrease of public funding, the park 332	

authority is interested in evaluating its introduction. The selected levels for the cost of access 333	

attribute are €2, €5, €7, and €10.  334	

All the attributes, with the exception of the first (bivouacs) were numerically coded for the purpose 335	

of the analysis. The levels relating to the second and seventh attributes (access to the valleys and 336	

information centers opening) were expressed in terms of days and hours, respectively.  337	

The experimental design is characterized by four different waves for each of the three groups of 338	

visitors. Two attributes are excluded at the end of each wave based on the results retrieved from a 339	

basic MNL model estimated on collected data. MNL results are used as priors for the derivation of a 340	

WTPb-efficient design (where subscript b denotes Bayesian priors, Scarpa and Rose, 2008) for the 341	

subsequent waves (Ferrini and Scarpa, 2007; Vermeulen et al. 2010). In each subsequent wave, the 342	

attributes with significant coefficients or less relevant for specific group of visitors (for example 343	

bivouacs for mountain-bikers) were excluded from further investigations. The aim of the strategy 344	

was to evaluate least accurate parameter estimates with a larger sample size. Samples in later waves 345	

could dedicate more attention to attribute evaluation as they were progressively presented with 346	

fewer attributes. The survey for the first wave included all ten attributes and was the same across all 347	

groups of visitors. The second wave had eight attributes, the third six and the last one four. The cost 348	

attribute was included in every wave and four each group. Within each sample group and each wave 349	

36 visitors were surveyed and each of them was presented with 12 choice tasks for an overall 350	

balanced sample of 432 completed surveys. In the first wave the efficient design consisted of 72 351	

choice tasks that were blocked into six groups, in the second wave there were 36 choice tasks 352	



	

15	
	

blocked into three, the third one had 24 choice tasks blocked into two and the last one had only 12 353	

choice tasks.  354	

ANA probabilities might depend on the number and type of attributes included in the experimental 355	

designs of the various waves and categories of respondents. To explore this dependency, we regress 356	

posterior class membership probabilities !!"! , retrieved from the LC-RPL model, upon experimental 357	

design features !!. For each class, the regression takes the form: 358	

!!"! =  !! !,!! + !!"            (7) 359	

where !! is a linear addictive function, ! is a vector of coefficients and !!"  is the error term. As 360	

probabilities !!"!  are jointly determined, the regressions outlined in equation (7) need to be 361	

considered as a system and its coefficients simultaneously estimated.1 362	

 Given that !!"!  for each class is bounded in (0,1) and !!"!! =  1, we follow Wu et al. (2004) and 363	

assume that probabilities !!"!  follow a Dirichlet distribution. The log-likelihood function of the 364	

Dirichlet regression1 is expressed as (Woodland, 1979): 365	

!!! = !" Г ! −  !" Г !!!(∙) + !
!!! !" Г !!! ∙ − 1  !" (!!"! )!

!!!       (8) 366	

where H is a constant and Г(∙) is the gamma function. 367	

The experimental design features (that are the elements of !!) included in the analysis are the 368	

sequential waves and visitors' category. In our design the number of attributes varies across 369	

different waves. So, this approach allows us to investigate the effect of design features on posterior 370	

ANA probabilities. This is of interest as previous studies retrieved mixed results. For example, 371	

Hensher (2006), Hensher et al. (2012) and Collins and Hensher (2015) found that the number of 372	

attributes influences ANA probabilities, whereas Weller et al. (2014) found no evidence of such 373	

effect. By including in the analysis visitors’ category, we can account for respondents not seeing 374	

																																																													
1	We also estimated fractional logit models (Papke and Wooldridge,1996) on posterior probabilities for each class. The 
results are consistent with those retrieved from the Dirichlet regression and are available from authors upon request	
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certain attributes in their choice sets. We expect such visitors to have a higher probability to exhibit 375	

a behaviour consistent with ANA for those attributes, compared to other respondents.  376	

5. Results 377	

Accounting for all possible ANA patterns requires the estimation of an LC-RPL model with 2k 378	

classes, where k is the number of attributes included in the CE. In our case, as the attributes are 10, 379	

this would lead to a model with 210 = 1024 classes, whose estimation is unfeasible. As such, we 380	

adopted a stepwise approach to identify the model that more accurately describes the decision 381	

strategy of our target population. We note that this approach is common in the ANA literature. For 382	

example, Scarpa et al. (2009) report LC ANA models with 9 to 13 classes, out of the possible 27 383	

ANA combinations, as they found that models with higher number of classes did not significantly 384	

improve data fit. Similarly, Lagarde et al. (2012) report results from a model including only 10 of 385	

the 64 possible ANA patterns. Campbell et al. (2012) adopt a LC model in which each class 386	

describes ANA for only one attribute, as they found that including classes with two or three at a 387	

time attributes ignored did not improve data fit. 388	

The starting model of our stepwise approach is a LC-RPL model with 12 classes, of which one 389	

ANA class for each of the attributes (each class with one single coefficient set to zero), one for the 390	

total attendance decision rule (i.e. none of the attribute coefficients set to zero) and one for total 391	

nonattendance (i.e. all attribute coefficients set to zero). We estimated such model using different 392	

type of draws (Halton and MLHS), number of draws (from 100 to 5000) and starting values 393	

(retrieved from the estimation of MNL, RPL and LC models). However, in all cases we found this 394	

model specification to cause estimation issues and to produce class sizes unreasonably small and 395	

with several insignificant coefficients. For these reasons, we moved to more parsimonious 396	

specifications, focusing on those attributes that seem more likely to be ignored. Table 2 reports log-397	

likelihood values for the estimated models, as well as values for AIC and BIC, which were 398	

computed to enable comparison across specifications and number of parameters. The base 399	
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specification uses three classes, one for total attendance, one for total ANA and the last for ANA for 400	

the cost attribute, which is quite relevant given its implications on the computation of WTP values. 401	

According to all information criteria considered, this model specification substantially outperforms 402	

the traditional MNL model, providing evidence of the existence of both ANA for the cost attribute 403	

and preference heterogeneity across the individuals of our sample.  404	

To further refine the model by including other potential non-attendance classes, we proceeded by 405	

estimating nine 4 class specifications, each adding in turn one ANA class with non attended 406	

attribute. As shown in Table 2, the best performing model specifications are those with an 407	

additional class for ANA for the reintroduction of the griffon vulture and ANA for number of 408	

information centers. For this reason, we move to a specification that involves five classes: for total 409	

attendance, for cost, for ANA for griffon vulture reintroduction, for number of information centers 410	

and one for total ANA (e.g. random choice). In the final step we tried in turn to add a second non-411	

attended attribute from the list of the seven attributes left out. These were added to each of the non-412	

attendance classes in the base model with five classes. Using the above procedure, the best-413	

performing specification is the one with the following five classes: i) total attendance, ii) total 414	

ANA, iii) ANA for cost, iv) ANA for griffon vulture reintroduction, v) ANA for number of 415	

information centers and their opening hours. In all of the above the picnic areas and the cost 416	

coefficients for class 3 were kept non-random to allow identification of the marginal rates of 417	

substitution. In our final model all coefficients are assumed to be random, besides those associated 418	

with picnic areas in all classes and cost in class 3, which are fixed. We assumed that all random 419	

coefficients follow a normal distribution, apart from the coefficient for cost which, in class 1, 420	

follows a log-normal distribution.  421	

To compare the LC-RPL to the traditional LC approach, we estimate the model with five classes in 422	

both specifications. According to all information criteria, the LC-RPL outperforms the LC one. 423	

Table 3 reports the estimates of the non-attendance shares retrieved from the both specifications. 424	

Similarly to the results reported by Hess et al. (2013), non-attendance rates retrieved with the LC-425	
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RPL specification are consistently lower than those implied by the LC specification. In particular, 426	

the LC-RPL estimated probability of membership to the class associated with attendance to all 427	

attributes is 72.2% while the LC estimate is 50.6%. This seems to confirm previous findings of 428	

overestimation of the non-attendance rate from the traditional LC model specification. ANA 429	

probability estimates for the cost attribute move from 16.0% to 8.0% when preference heterogeneity 430	

within ANA latent classes is allowed for; for the griffon vulture reintroduction, the probability 431	

estimates reduce from 13.2% to 7.9%; for information centers and opening hours from 13.9% to 432	

7.0%. Instead, the estimates for total non-attendance (i.e. ignoring all attributes, or equivalently 433	

assigning random choice to alternatives) increase from 4.9% in the LC-RPL model to 6.3% in the 434	

LC. 435	

Table 4 reports coefficient estimates for both models. To be able to compare the estimated values of 436	

utility coefficients across classes, we report marginal rates of substitution with the coefficient for 437	

picnic areas (MRS/pic). We choose this measure instead of the common choice of using WTP 438	

because the latter cannot be computable in non-attendance class 2, in which such coefficient is 439	

ignored and constrained to zero.  440	

In the LC-RPL model most of the standard deviation estimates are significant at 90% in each class, 441	

which confirms our hypothesis that respondents’ preferences are heterogeneous within each 442	

attendance class. Moving to the analysis of the number of significant estimates for the means of 443	

random attribute coefficients in each class, as expected the cost estimate is significant and negative 444	

in all classes in which it is attended to, and in both specifications. The alternative-specific constant 445	

for the status-quo is also significant and negative in each class. This suggests that respondents are 446	

generally willing to improve the current recreational offer provided by the park. The estimate for 447	

congestion is also negative and significant across classes and models, with the exception of class 4 448	

in the LC specification. Overall, the LC-RPL model implies a higher number of significant mean 449	

coefficient estimates than the LC one, which confirms the improvement of model performance 450	

achieved by introducing preference heterogeneity in the model.  451	
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Moving to the analysis of estimated parameters in each class, the total attendance class is the one 452	

with the highest number of significant β parameters in both models (ten out of eleven in the LC-453	

RPL and nine out of eleven for the LC). Importantly, the coefficient for the reintroduction of the 454	

iconic griffon vulture is positive and statistically significant in the LC-RPL model, but insignificant 455	

in the LC one. Along with the higher rate of ANA for this attribute estimate in the LC model, this 456	

result suggests that ignoring preference heterogeneity in LC models might lead to a substantial 457	

underestimation of the benefits deriving from reintroducing the griffon vulture in the park territory. 458	

Moving to class 2 - which implies ANA for cost - it is interesting to note that according to the 459	

results of the LC-RPL model, respondents in this class seem to be the most willing to improve 460	

current service levels. This is suggested by the value of the status quo ASC, which is the lowest 461	

among all classes (MRS/pic = -23.04). It seems plausible that visitors with the highest interest in the 462	

improvement of park services are those whose choice behaviour is least affected by cost levels. In 463	

the LC model, instead, the status-quo coefficient estimate is lowest in classes 3 and 4. As for 464	

reintroduction of griffon vulture in class 1, in class 2 the coefficient estimate for the number of 465	

information centers is positive and significant only in the LC-RPL. Again, this suggests that the LC 466	

model underestimates the benefits of the improvement of this service. It is interesting to note that in 467	

class 3 - which implies ANA for griffon vulture reintroduction - respondents strongly favour 468	

mountain biking trails. It is reasonable that those who are interested in activities that are not strictly 469	

linked to the natural aspects of the park (e.g. mountain biking) would not benefit from the griffon 470	

vulture reintroduction may indeed. This is also consistent with the negative value of the coefficient 471	

associated with number of thematic trails in the LC-RPL model. In Class 4 (ANA for information 472	

centres and opening hours) the LC-RPL model substantially outperformed the LC in terms of 473	

number of significant parameters (seven vs five). In particular, according to the LC-RPL model 474	

individuals in this class are interested in the provisioning of food and firewood in bivouacs and in 475	

the unregulated access to Val del Mis and Val Canzoi, whereas such attributes have no significant 476	

effect in the LC.  477	
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5.1 Effect of design features on ANA probabilities  478	

Table 5 reports the presence/absence of attributes across the designs of the sequential waves of 479	

sampling and categories of visitors. The attribute gryphon reintroduction was excluded in waves 3 480	

and 4 for hikers and mountain bikers, whereas number of information centres and their opening 481	

hours were only excluded for hikers in wave 4.  482	

Table 6 reports the ! coefficients estimated using a Dirichlet regression, which we use to explore 483	

the effects of experimental design features on posterior class membership probabilities. The 484	

Dirichlet regression was estimated in R 3.5.0 by using the package DirichletReg (Maier, 2014). The 485	

effects of sampling waves are identified using wave 4 as a baseline, whereas those for visitors’ 486	

category are to be interpreted as differences from those visitors traveling for picnics, which were 487	

used as a baseline.  488	

Respondents from waves with largest number of attributes in the design (wave 1 and wave 2) have a 489	

negative and significant effect on probability of total attribute attendance behaviour (class 1). This 490	

supports the findings of Hensher (2006), Hensher (2012) and Collins and Hensher (2015) of a 491	

significant effect of number of attributes on ANA. As expected, wave 1 and wave 2 have also a 492	

negative effect on class membership probabilities for ANA for gryphon (class 3). That is, 493	

respondents who faced this attribute have a lower probability to exhibit behaviour consistent with 494	

having systematically ignored it than respondents who did not have this attribute in the design. It is 495	

also interesting to note that hikers and mountain bikers have higher and significant effect on the 496	

probabilities of belonging to the non-attendance class for the gryphon reintroduction than visitors 497	

engaged in picnic, which is the only category having always faced gryphon reintroduction attribute. 498	

Bikers and hikers are plausibly less interested in conservation initiatives of this type as they focus 499	

on other factors. Finally, wave 1 and wave 2 have a positive effect on the membership probability to 500	

belong to the total ANA class. 501	

 502	
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5.2 Choice simulations for policy scenarios 503	

We explored changes in visitation probabilities in two policy scenarios by using both LC and LC-504	

RPL estimates. In the first scenario, an additional picnic area would be introduced in Val di Lamen, 505	

a site which is currently interested by a relatively small number of visitors. In the second scenario, a 506	

picnic area would be removed from Val del Mis, which is one of the most congested sites in the 507	

park area. As expected, in the first scenario the inferred probability of visit for Val di Lamen 508	

increases, as shown in Figure 1, which reports the change in percent probability of visit in the 509	

presence of the improvement. The simulation on LC-RPL estimates shows a higher shift in 510	

probability (about 4.5%) that the LC one (nearly 3%). Both models predict highest decreases in 511	

visitation probabilities for Val Canzoi, Val del Mis and Candaten, which are sites with picnic 512	

facilities. Interestingly, the simulation from LC-RPL estimates shows a substantial decrease in 513	

visitation probability for Val Canzoi, which is one of the sites interested by overcrowding issues. 514	

Overall, the simulations suggest that increasing the offer of picnic areas in Val di Lamen could be 515	

an effective policy measure to reduce the overcrowding in congested sites, such as Val del Mis and 516	

Val Canzoi. By comparing simulations from the two models it is apparent that there are substantial 517	

differences in terms of the predicted magnitude of the policy effect in different sites. Ignoring latent 518	

preference heterogeneity in ANA destination models could therefore lead to inaccurate indications 519	

for managers of protected areas. 520	

Figure 2 illustrates the shift in site choice probability following the second policy scenario 521	

involving the removal of picnic area in the highly congested Val del Mis. As expected, the inference 522	

suggests Val del Mis to be the site with highest visitation probability change (around -3% for both 523	

models). In this scenario, highest increase in visitation shares concerns Candaten, Val del Mis and 524	

Val di Lamen, which are sites that offer picnic facilities. Choice probabilities for hiking sites (Valle 525	

dell’Ardo, Val Cordevole and Passo Croce d’Aune) are only marginally affected. Interestingly, the 526	

simulation based on LC estimated predicts Candaten to be the site with the highest increase in 527	
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visitation probability, whereas according to the LC-RPL based one Val Canzoi would be the most 528	

affected site. This suggest that adopting LC estimates to inform management plans would lead to an 529	

overestimation of the benefits of the intervention, as the LC-RPL predicts a substantial part of 530	

visitors to move from an overcrowded site to another with the same issues.  531	

Overall, by comparing the two policy scenarios, it seems that removing one picnic area from Val 532	

del Mis would be more effective in reducing the overcrowding issue in this site, as its choice 533	

probability decrease is higher than the decrease in the first scenario. However, direct measures 534	

introduced by park management authorities in the past (such as limiting vehicular access to Val del 535	

Mis on weekends) were poorly received by visitors. As such, it seems that indirect measures, like 536	

improving the offer in other sites, could be a good compromise between reducing overcrowding 537	

(and therefore reducing the risk of environmental damages) and satisfying tourism demand. 538	

6. Conclusions 539	

We estimated a LC-RPL model that accounts for both non-attendance and preference heterogeneity 540	

using data from a CE investigating preferences of visitors of National Park Dolomiti Bellunesi for 541	

recreational services. In the face of the widespread use of behaviourally-based (rather than taste 542	

heterogeneity-based) latent class structures for capturing attribute non-attendance, this paper 543	

provides further evidence that the high rates of implied non-attendance usually retrieved with such 544	

models may be due, at least in part, to confounding non-attendance with preference heterogeneity. It 545	

also provides evidence that adopting LC-RPL models (i.e. combining discrete with continuous 546	

mixtures of preference) to investigate ANA in outdoor recreation studies can be a superior 547	

alternative to the adoption of traditional LC models. Allowing for variation of tastes within ANA 548	

classes improves model performance and more accurately describes actual choice behaviour. We 549	

also find substantial differences in between the two models in terms of predicting shifts in visitation 550	

probabilities as consequence of policy measures.  551	
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Our results confirm and extend those of previous studies (e.g. Hess et al., 2013; Collins et al., 2013) 552	

in that they seem to support the hypothesis that the widely adopted equality-constrained latent class 553	

specifications used to model attribute non-attendance may produce biased results. In particular, the 554	

results from the LC-RPL model suggest that the shares of attribute non-attendance classes are 555	

significantly lower when allowing for random heterogeneity within each class.  556	

Our study also offers some insights on the effect of experimental design features on ANA 557	

probabilities. As others before us did, we also find that individuals are more likely to exhibit ANA 558	

behaviour when facing choice scenarios with high number of attributes. This further corroborates 559	

the importance of accounting for ANA in destination studies, as a large number of attributes is often 560	

required to accurately describe the wide array of services provided by recreational sites (e.g. eight 561	

attributes in De Valck et al., 2017; ten attributes in Thiene et al., 2012). While limiting the number 562	

of attributes may seem an obvious solution, it has some important shortcomings, most notably the 563	

risk of reducing the realism of the scenarios, by oversimplifying destination choices compared to 564	

those made in real life situations. As suggested by Hensher (2006), it may be preferable to limit 565	

ANA behaviour by ensuring the relevancy of the attributes. We tried to achieve this in our study by 566	

both defining the attributes according to park managers suggestions and by testing them in the field 567	

using a pilot study. The results offer some support to such measures, as the overall ANA rates we 568	

retrieved are quite low, despite the large number of attributes. With regards to the policy 569	

implications of our study, our results provide some guidance to the park management authorities. 570	

Firstly, it seems that a policy reintroducing the gryphon vulture (Gyps fulvus) and increasing the 571	

number of information centers are the two policy proposals least likely to benefit visitors. This is 572	

not only suggested by the relatively high share of respondents ignoring such attributes, but also by 573	

relatively low weight assigned to them by those who paid attention to them during the experiment. 574	

Other proposed measures, instead, such as the introduction of additional mountain biking and 575	

thematic trails, as well as the increase of the number of picnic areas, seem to be much appreciated 576	

by all visitors. Finally, the policy scenarios inferred from our preferred model allow us to draw 577	
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some suggestions for the all important issue of congestion management. Our findings suggest that 578	

increasing the provision of picnic areas in sites that are currently less visited (e.g. Val di Lamen) 579	

may increase visitors’ shares, thereby alleviating the pressure on the most congested ones. This 580	

represents timely guidance when one considers that past initiatives aimed at regulating visitors’ 581	

access to the most popular sites (such as Val del Mis and Val Canzoi) were poorly received by 582	

visitors.  583	

  584	
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Table 1: Attributes and levels 798	

Attribute Acronym Levels 

Bivouacs bvc2 Bivouacs always open (dummy) 

 

bvc3 Bivouacs always open with facilities available (food, wood) 

(dummy) 

Information centers info Number of information centers: currently 3 existing, building 

of 2 and 4 new information centers (3, 5, 7)  

Vehicular Access gst Valleys always accessible, closed on Sunday but shuttle 

service, closed on Saturday & Sunday but shuttle service (7, 6, 

5 days) 

Crowding  cng Number of people met: less than 10 visitors, 20-40 visitors, 

more than 40 visitors (0, 30, 80) 

Picnic sites pic Number of picnic sites available: currently 30 existing, 

building of 10 and 20 new picnic sites (30, 40, 50) 

Griffon vulture grf Reintroduction of Griffon vulture (dummy) 

Open Information 

Centers 

opn Information centers open only during the week-end, during the 

week-end and all mornings, during the week-end and all 

mornings and during two afternoons (12, 27, 33 hours) 

Thematic itineraries  itn Thematic itineraries focusing on flora, fauna and historical 

aspects: currently 8 existing itineraries, building of 8 and 15 

new thematic itineraries (8, 16, 23) 

Trails for MTBike mtb Specific trails dedicated to mountain-biking: currently no 

MTB trails available, building of 2 and 5 dedicated trails for 

mountain-biking (0, 2, 5) 

Entrance fee cost Entrance fee to access the park: currently no fee, introduction 

of 2€, 5€, 7€ and 10€ fee (0, 2, 5, 7, 10) 

	 	799	
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Table 2: Comparison of estimated models 800	

Model k LogL AIC BIC 

MNL 12 -4917.0 9857.9 9906.7 

LC-RPL (COST) 32 -3970.5 8004.9 8135.1 

LC-RPL (COST + BVC) 69 -3879.1 7896.2 8176.9 

LC-RPL (COST + INFO) 69 -3826.1 7790.2 8070.9 

LC-RPL (COST + GST) 69 -3860.3 7858.6 8139.4 

LC-RPL (COST + PIC) 69 -3885.8 7909.6 8190.3 

LC-RPL (COST + GRF) 69 -3815.7 7769.3 8050.0 

LC-RPL (COST + OPN) 69 -3870.0 7878.0 8158.7 

LC-RPL (COST + ITN) 69 -3901.2 7940.4 8221.1 

LC-RPL (COST + MTB) 69 -3888.8 7915.6 8196.4 

LC-RPL (COST + GFR + INFO) 89 -3603.3 7384.6 7746.7 

LC-RPL (COST + GFR + INFO/OPN) 87 -3604.6 7383.2 7737.2 

LC (COST + GFR + INFO/OPN) 50      -3785.3 7670.6  7874.0 

 801	

  802	
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 Table 3: ANA rates retrieved from LC and LC-RPL models 803	

Decision rule LC (%) LC-RPL (%) 

Total attendance 50.6 72.2 

ANA Cost 16.0 8.0 

ANA Griffon vulture reintroduction 13.2 7.9 

ANA Information centres + opening hours 13.9 7.0 

Total ANA 6.3 4.9 

 804	
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Table 4: LC and LC-RPL models results 

		 LC-RPL LC LC-RPL LC LC-RPL LC LC-RPL LC LC-RPL LC 

 
Class 1 Class 2 Class 3 Class 4 Class 5 

Class size (%) 72.2 50.6 8 16 7.9 13.2 7 13.9 4.9 6.3 

 
Coeff. MRS/pic coeff msr coeff msr coeff msr Coeff msr coeff msr coeff msr 

  
coeff msr 

	
		

Mean parameters β                     
ASC Status quo -3.58 -10.52 -1.02 -3.92 -3.22 -23.04 -1.14 -8.14 -3.80 -17.27 -0.83 -41.5 -1.41 -20.14 -2.14 -71.33 - - - - 

 
(9.18) 

	
(16.18) 

	
(1.99) 

 
(2.24) 

 
(4.74) 

	
(6.32) 

	
(6.61) 

 
(5.25) 

 
- - - - 

Bivouacs always open 0.24 0.71 -0.1 -0.38 0.08 0.57 0.12 0.85 0.04 0.18 -0.78 -
39.22 0.04 0.57 -0.78 -25.99 - - - - 

 
(1.11) 

	
(1.09) 

	
(1.07) 

 
(1.22) 

 
(0.33) 

	
(3.11) 

	
(0.41) 

 
(1.11) 

 
- - - - 

Bivouacs with food/firewood 1.09 3.21 0.62 2.38 0.28 2.01 0.15 1.07 0.92 4.18 0.84 42.01 0.76 10.86 -0.155 -5.17 - - - - 

 
(6.06) 

	
(7.15) 

	
(0.82) 

 
(1.08) 

 
(2.54) 

	
(4.63) 

	
(5.31) 

 
(0.52) 

 
- - - - 

Congestion -0.01 -0.03 -0.01 -0.04 -0.02 -0.14 -0.082 -0.59 -0.07 -0.31 -0.02 -1.03 -0.01 -0.14 -0.03 -1.02 - - - - 

 
(2.79) 

	
  (9.50) 

	
(3.72) 

 
(1.97) 

 
(4.18) 

	
(2.46) 

	
(6.17) 

 
(0.88) 

 
- - - - 

Entrance fee -0.343 -1.01 -0.33 -1.27 - - - - -1.02 -4.63 -1.10 -55.1 -0.29 -4.14 -1.04 -34.67 - - - - 

 
(4.52) 

	
(18.48) 

	
- - - - (5.23) 

	
(12.02) 

	
(9.11) 

 
(0.94) 

 
- - - - 

Gryphon vulture reintroduction 0.72 2.12 0.07 0.27 -0.15 -1.07 -0.12 -0.86 - - - - 0.06 0.85 -0.35 -11.66 - - - - 

 
(4.78) 

	
 (1.00) 

	
(0.32) 

 
(0.15) 

 
- -	 - -	 (0.26) 

 
(1.24) 

 
- - - - 

Access to valleys 0.42 1.24 0.32 1.23 -0.68 -4.86 -0.14 -1.02 0.73 3.32 1.36 68.20 0.16 2.28 -0.13 -4.33 - - - - 

 
(4.59) 

	
(7.31) 

	
(2.99) 

 
(4.54) 

 
(4.27) 

	
 (6.38) 

	
(2.18) 

 
(0.97) 

 
- - - - 

Information centres 0.25 0.73 0.05 0.19 0.28 1.98 0.15 1.07 0.17 0.77 0.41 20.51 - - - - - - - - 

 
(5.94) 

	
(2.52) 

	
(3.75) 

 
(0.98) 

 
(0.99) 

	
(0.39) 

	
- - - - - - - - 

Thematic itineraries 0.18 0.53 0.05 0.19 0.03 0.21 0.32 2.28 -0.89 -4.04 -0.01 -0.49 0.03 0.42 0.15 5.01 - - - - 

 
(6.99) 

	
(8.46) 

	
(2.47) 

 
(2.95) 

 
(3.75) 

	
(0.39) 

	
(3.02) 

 
(5.77) 

 
- - - - 

MTB trails 0.18 0.53 0.06 0.23 0.18 1.28 0.49 3.51 1.25 5.68 0.86 43.21 0.18 2.57 0.25 8.33 - - - - 

 
(2.39) 

	
(2.09) 

	
(2.58) 

 
(15.42) 

 
(3.91) 

	
  (7.80) 

	
(3.88) 

 
(3.17) 

 
- - - - 

Opening hours info centres -0.04 -0.12 -0.01 -0.04 0.03 0.21 0.09 0.64 0.20 0.91 0.01 0.52 - - - - - - - - 

 
(2.79) 

	
(2.88) 

	
(0.77) 

 
(0.12) 

 
(3.21) 

	
(1.60) 

	
- - - - - - - - 

Picnic areas  0.34 1 0.26 1 0.14 1 0.14 1 0.22 1 0.02 1 0.07 1 0.03 1 - - - - 
  (3.44) 

	
  (3.2) 

	
(2.75) 

	
(1.99) 

 
(3.45) 

	
(2.55) 

	
(5.52) 

 
(3.44) 

 
- - - - 

Standard deviations σ 	 	 	 	 	    	 	
	 	

	    	 	
	

		

	 	 	 	 	 	    	 	 	 	 	    	 	 	
		

ASC Status quo 0.32 3.57 -	 -	 0.65 31.62 - - 0.07 0.11 -	 -	 0.22 2.98 - - -	 -	 -	 -	

	
(1.88) 

	
-	 -	 (2.45) 

 
- - (3.52) 

	
-	 -	 (0.93) 

 
- - -	 -	 -	 -	

Bivouacs always open 0.24 2.61 -	 -	 0.21 10.05 - - 0.10 0.15 -	 -	 0.15 2.00 - - -	 -	 -	 -	

	
(1.01) 

	
-	 -	 (0.71) 

 
- - (0.32) 

	
-	 -	 (0.49) 

 
- - -	 -	 -	 -	

Bivouacs with food/firewood 0.22 2.42 -	 -	 0.15 7.55 - - 0.13 0.19 -	 -	 0.41 5.61 - - -	 -	 -	 -	

	
(1.97) 

	
-	 -	 (2.61) 

 
- - (5.23) 

	
-	 -	 (3.33) 

 
- - -	 -	 -	 -	

Congestion 0.04 0.05 -	 -	 0 0.13 - - 0.02 0.02 -	 -	 0.09 1.27 - - -	 -	 -	 -	

	
(2.10) 

	
-	 -	 (0.06) 

 
- - (2.46) 

	
-	 -	 (0.85) 

 
- - -	 -	 -	 -	

Note: Absolute values of z in brackets	
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Table 4: LC and LC-RPL models results (continue) 

		 LC-RPL LC LC-RPL LC LC-RPL LC LC-RPL LC LC-RPL LC 

 
Class 1 Class 2 Class 3 Class 4 Class 5 

Class size (%) 72.2 50.6 8 16 7.9 13.2 7 13.9 4.9 6.3 

 
Coeff. MRS/pic coeff msr coeff msr coeff msr Coeff msr coeff msr coeff msr 

  
coeff msr 

	
		

Mean parameters β                     
Entrance fee 0.92 10.28 -	 -	 - - - - - - -	 -	 0.07 0.91 - - -	 -	 -	 -	

	
(11.82) 

	
-	 -	 - - - - - 

	
-	 -	 (3.92) 

 
- - -	 -	 -	 - 

Gryphon vulture reintroduction 0.45 4.95 -	 -	 0.31 15.29 - - - - -	 -	 -0.10 1.41 - - -	 -	 -	 - 

 
(2.84) 

	
-	 -	 (3.42) 

 
- - - 

	
-	 -	 (1.51) 

 
- - -	 -	 -	 -	

Access to valleys 0.04 0.5 -	 -	 0.26 -12.75 - - 0.16 0.24 -	 -	 0.24 3.32 - -     -	 -	 -	 -	

	
(3.41) 

	
-	 -	 (0.74) 

 
- - (6.45) 

	
-	 -	 (2.34) 

 
- -     -	 -	 -	 -	

Information centers 0.10 1.13 -	 -	 0.02 -0.78 - - 0.03 0.04 -	 -	 0.03 0.43 - -      -	 -	 -	 -	

	
(3.88) 

	
-	 -	 (4.01) 

 
- - (0.15) 

	
-	 -	 (2.47) 

 
- -     -	 -	 -	 -	

Thematic itineraries 0.08 0.89 -	 -	 0.12 0.17 - - 0.56 0.83 -	 -	 - - - - -	 -	 -	 -	

	
(4.56) 

	
-	 -	 (0.34) 

 
- - (5.54) 

	
-	 -	 - 

 
- - -	 -	 -	 -	

MTB trails 0.06 0.67 -	 -	 -0.27 -12.99 - - 0.92 1.38 -	 -	 0.05 0.67 - - -	 -	 -	 -	

	
(3.01) 

	
-	 -	 (9.88) 

 
- -  (3.8) 

	
-	 -	 (0.86) 

 
- - -	 -	 -	 -	

Opening hours info centers 0.01 0.16 -	 -	 0.05 -2.65 - - 0.3 0.46 -	 -	 - - - - -	 -	 -	 -	

	
(8.08) 

	
-	 -	 (2.06) 

 
- - (3.51 

	
-	 -	 - 

 
- - -	 -	 -	 -	

Note: Absolute values of z in brackets 
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Table 5. Experimental design features (1 = attribute included in choice sets) 

 Gryphon Information centres Opening hours 

  Hikers MTB Picnic Hikers MTB Picnic Hikers MTB Picnic 

Wave 1 1 1 1 1 1 1 1 1 1 

Wave 2 1 1 1 1 1 1 1 1 1 

Wave 3 0 0 1 1 1 1 1 1 1 

Wave 4 0 0 1 0 1 1 0 1 1 

 

Table 6. Dirichlet regression estimates 

 
Class 1 (Total attendance) Class 2 (ANA cost) Class 3 (ANA Gryphon) Class 4 (ANA Info + Hours) Class 5 (Total ANA) 

Variable Coefficient |t| Coefficient |t| Coefficient |t| Coefficient |t| Coefficient |t| 
Wave 1 -1.48 10.54 0.16 1.11 -0.20 2.58 -1.04 7.57 0.96 7.12 
Wave 2 -1.14 8.02 0.28 2.08 -0.09 2.85 -0.23 1.72 0.83 6.78 
Wave 3 -1.13 7.98 -0.03  0.24 0.50 1.01 -0.35 2.57 -0.04 0.90 
Hikers -0.13 1.08 -0.02 0.20 0.12 5.31 0.11 0.94 0.07 0.98 
MTB -0.07 0.62 -0.06 0.51 0.13 2.25 0.11 0.97 0.07 0.22 
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Figure 1: Percent change in choice probability for policy scenario 1  

(one more picnic area in Val di Lamen)  

 

Figure 2: Percent change in choice probability for policy scenario 2  

(one less picnic area in Val del Mis) 
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