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Abstract

This paper assesses the relationship between decision util-
ity and experienced utility of recreational nature visits.
The former is measured as the travel cost to reach that site
as routinely used by the travel cost method (TCM), and
the latter is operationalized through visit-related subjec-
tive well-being (SWB). As such, the analysis is a test of
convergent validity by examining whether ex ante TCM-
based assessment of recreational value reflecting decision
utility corresponds to stated ex post SWB, reflecting expe-
rienced utility. It explores to what extent utility revealed
by counts of nature visits are associated with self-reported,
visit-related SWB relating to that same visited site. The
analysis uses two existing datasets providing information
on (i) 3672 recreational visits to green/blue spaces in
England over the course of four years and (ii) 5937 recrea-
tional visits to bluespace sites across 14 European coun-
tries over one year. Results show a positive association
between travel cost and visit-related SWB while control-
ling for trip frequency and a large set of covariates,
suggesting convergent validity of the two utility concepts.
A breakdown by travel mode suggests this relationship
only holds for trips involving motorized transport and is
not present for habitual, chore-like walking visits to the
recreational site.
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2 WAS THE TRIP WORTH IT?
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1 | INTRODUCTION

Natural environments attract people for recreational visits. This implies that green spaces (e.g. parks,
woodlands, heaths) and blue spaces (e.g. rivers, lakes, coasts) generate utility for visitors. An impor-
tant motivation for the recreational appeal of green and blue spaces may be their positive effects on
mental and physical health. A considerable body of research has shown that exposure to the natural
environment can be beneficial for people’s health and well-being (Bratman et al. 2019; Gascon
et al. 2015; Twohig-Bennett & Jones 2018), with emerging evidence suggesting that as little as 120
min a week may be associated with higher life satisfaction and perceived health (White et al. 2019).
Nevertheless, the recreational benefits of such natural environments do not typically have a market
price by means of which visits can be valued. The travel cost method (TCM) has been used exten-
sively to value many types of recreational sites, including green (e.g. forests, parks and protected
areas) and blue spaces (e.g. lakes, rivers and beaches) (Parsons 2017). At its core, the TCM examines
the interplay of the cost to reach a recreational site and the number of visits a specific individual
makes to that site. The method estimates a demand function for recreation taking travel cost as price.
From this demand function, the welfare gain of visiting a site, typically the Marshallian consumer
surplus, can be derived (Ward & Beal 2000).

An alternative approach to estimating the utility of a recreational visit to nature is to ask people
about their experiences, or visit-related subjective well-being (SWB), either while they are on site
(Doherty et al. 2014; MacKerron & Mourato 2013) or shortly after the visit (White et al. 2013; Wyles
et al. 2019). The fundamental difference between the two approaches is whether utility assessment is
based on observing decisions made about the recreational experience ex ante, something Daniel Kah-
neman refers to as decision utility, or whether it is made based on self-reported introspection during
or shortly after an experience ex post, which Kahneman refers to as experienced utility
(e.g., Kahneman 1994; Kahneman, et al. 1997; Kahneman & Kruger 2006). Clearly, there are poten-
tial strengths and weaknesses of both approaches to assessing utility of a nature visit in general
(Kahneman & Sugden 2005), but it is reasonable to ask whether they are likely to provide similar or
different conclusions or, more generally, whether decision utility is an accurate forecast of experi-
enced utility (Dolan & White 2006). In the context of recreational visits to natural environments, this
translates into the question of whether visits that costed more in terms of travel are, ceteris paribus,
subsequently associated with higher visit-related SWB. Although this issue has been considered with
respect to choice of travel mode (de Vos et al. 2016), we know of no prior study that has considered
it in the context of recreational visits to nature.

To explore this research gap, this paper examines the extent to which utility changes induced by
green and blue space visits assessed by the TCM coincide with visitors™ direct evaluations of such
visits based on experienced utility, drawing on two surveys—one in England and the other a
pan-European survey. Experienced utility is operationalized here as an index combining self-
reported, visit-related SWB following well-established measurement approaches internationally
(ONS 2011; OECD 2013). Our measure of visit-related SWB contains four key facets: positive emo-
tions (in this case enjoyment), negative emotions (here anxiety), eudaimonic well-being (here the
degree to which respondents thought that the visit was worthwhile), and evaluative well-being (here
visit satisfaction). The paper compares utility assessed by the TCM and visit-related SWB by
regressing the experienced utility of natural environment visits on individual travel costs, while,
importantly, controlling for visit frequency, availability of substitutes and a large number of other
personal and site characteristics. So on a methodological level, the analysis in this paper is a test of
convergent validity of two concepts of utility by examining whether ex ante TCM-based assessment
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of decision utility of recreational site visits corresponds to stated ex post visit-related SWB, reflecting
experienced utility.

There is a rich literature presenting comparisons of methods to value environmental goods.
Studies have compared TCM and contingent valuation (e.g., Armbrecht 2014; Cameron 1992;
Chaudhry & Tewari 2006; Kling 1997; Loomis 2006; Rolfe & Dyack 2010), contingent valuation and
the life satisfaction approach (LSA), which relies on statements of SWB as an indicator of experi-
enced utility (del Saz-Salazar et al. 2020; Humphreys et al. 2020) as well as the LSA and hedonic
approaches (Luechinger 2009; Ferreira & Moro 2010). The LSA is of particular relevance here
because it also draws on people’s stated SWB, though in the case of the LSA the focus is on people’s
overall satisfaction with life rather than the SWB associated with a specific visit to a location. The
objective of such research is to explore whether there is convergent validity between the methods in
question by testing whether the respective welfare measures for the same change in the provision of
an environmental good coincide or are at least correlated (Kling et al. 2012). Although the present
study contributes to this literature, it also differs from it because its objective is to explore to what
extent revealed preferences for nature visits as assessed by the TCM as an indicator of decision utility
are associated with reported SWB relating to that same visit, as a proxy for experienced utility. As
such, the present study does not compare changes of welfare measures between methods but simply
proxies for different concepts of utility. So on a conceptual level, the study investigates the extent of
possible forecasting error with respect to the utility gained from recreational visits to nature and thus
adds to another strand of literature, which has been trying to explore the specific utility-theoretic
characteristics of SWB data (Benjamin et al. 2021).

The analysis draws on two existing datasets of recreational visits, spanning multiple years and
countries, respectively. Information on 3672 visits to green/blue spaces in England between 2014
and 2018 were collected as part of the nationally representative Monitor of Engagement with the
Natural Environment Survey (MENE) (Natural England 2019). Within the BlueHealth International
Survey (BIS), information on visits to bluespace sites from 5937 respondents across 14 member
states of the European Union (Bulgaria, Czechia, Estonia, Finland, France, Germany, Greece, Ireland
Italy, the Netherlands, Portugal, Spain, Sweden, UK) between June 2017 and April 2018 was col-
lected (Elliott & White 2020). Although neither dataset was collected as part of a classic on-site travel
cost survey, both datasets include dedicated items on recreational visits and associated travel costs,
and have previously been used in TCM analyses (Borger et al. 2021; Day 2020).

Results show a positive correlation between travel cost (decision utility) and visit-related SWB
(experienced utility) while controlling for trip frequency, income, and a large set of additional
covariates, suggesting convergent validity. However, a breakdown by travel mode suggests the rela-
tionship only holds for trips that involved some form of motorized transport and is not present for
visits where the respondents walked to the recreational site. Further, the relationship between travel
cost and visit-related SWB exhibits diminishing marginal effects in both datasets whereby the associ-
ation becomes weaker as travel cost increases.

The remainder of the paper is structured as follows. Section 2 introduces the TCM and psycho-
logical approaches to assessing ex-post utility of recreational visits, and justifies their comparison.
Section 3 introduces the datasets and methods. Results are presented and discussed in Sections 4 and
5 before Section 6 provides some conclusions.

2 | VALUING RECREATIONAL VISITS TO GREEN AND BLUE SPACE
SITES

2.1 | Valuing nature visits ex ante: Travel COST method

The TCM is a revealed preference method, which is based on the assumption that a recrea-
tion site is at least worth the amount of money people are willing to spend to visit it in terms
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of travel expenses and time. The core of the TCM is the estimation of the demand for recrea-
tional visits to a site as a function of the cost of such recreation (Parsons 2017). A count data
model describes the number of recreational visits to a site y of a respondent as a function, g(+),
of travel cost ¢ and a vector X of characteristics of the site and the individual visiting the site:

y=g(cX). (1)

Depending on the specific nature of the data collected, there is a range of different count data tech-
niques to estimate the relationship between the expected visit frequency E[y] and ¢ and X (Martinez-
Espineira & Amoako-Tuffour 2008). (1) can be derived from the standard utility maximization
problem of a consumer choosing between recreation and a range of other goods (Hellerstein &
Mendelsohn 1993). This utility maximization problem can also be used to demonstrate why, and
under which circumstances, travel cost may be employed as a proxy for decision utility in the travel
cost model. According to Hellerstein and Mendelsohn (1993), an individual chooses between the
number of site visits y and a vector of quantities of other consumption goods x given the household
budget constraint cy+px=1. p is a price vector of the other consumption goods and I is income.
The utility maximization problem is maxU = u(y,x)s.t. cy+px =1, where U is the level of (deci-
sion) utility of the recreationist. One of'the first-order conditions for a utility maximum is that

du(y,x)
dy

= (2)

where A is the marginal utility of income. This means that travel cost is proportional to the change
in utility from one visit ceteris paribus. In other words, and conditional on constant income and visit
frequency, travel cost is a proxy for visit-related decision utility.

A rich body of literature has used the TCM to value natural sites, from beaches
(e.g. Bell & Leeworthy 1990; Czajkowski et al. 2015; Pascoe 2019: Zhang et al. 2015), wood-
lands and forests (e.g. Bertram & Larondelle 2017; Englin & Mendelsohn 1991; Willis & Gar-
rod 1991), protected areas (e.g. Martinez-Espineira & Amoako-Tuffour 2008; Navrud &
Mugantana 1994), lakes and reservoirs (e.g., Azevedo et al. 2003; Lienhoop & Ansmann 2011)
to water activities (e.g., Alberini et al. 2007; Pokki et al. 2018) and other types of recreational
visits. With respect to the datasets used in the subsequent analysis, two studies have used
these for travel cost analysis. Day (2020) uses the MENE dataset to value the benefits of visit-
ing greenspace in England during the COVID pandemic. This dataset has also been used in
the development of the Outdoor Recreation Valuation (ORVal) Tool, which provides mone-
tary values of recreational sites in England (Day & Smith 2016, 2017). Borger et al. (2021)
use the BIS dataset to value visits to blue space sites across Europe. Blue spaces are defined as
“outdoor environments—either natural or manmade—that prominently feature water and are
accessible to humans” (Grellier et al. 2017; p. 3). In addition to a travel cost model as intro-
duced above, this study presents a contingent behavior component to assess the value of vary-
ing levels of perceived water quality. Both MENE and BIS datasets are introduced in detail in
Section 3.

2.2 | The psychological approach to valuing visits ex-post

A growing literature has been valuing nature visits ex post by looking at the psychological effect of
visiting natural areas, that is, the mental health and subjective well-being response of visiting nature
(e.g., MacKerron & Mourato 2013; White et al. 2013, 2017, 2021; Wyles et al. 2019, Garrett
et al. 2019). This refers to an experienced utility perspective (Kahneman & Sugden 2005). Compared
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to the TCM, such indicators of visit satisfaction and enjoyment are (potentially) more direct indica-
tors of the utility impact of a visit. With respect to experiences of nature, people tend to report more
positive emotions following such visits than other free-time activities, such as watching television
(White & Dolan 2009). Results from two large experience sampling studies that tracked people’s
emotional states in different locations using smartphone technology found that individuals were
happier in natural, especially coastal, environments than urban settings (de Vries et al. 2021; Mac-
Kerron & Mourato 2013). Regular visits to nature are also associated with a higher perception of a
worthwhile life, and people’s ratings of their emotional states “yesterday” are more positive among
those who visited nature yesterday, even when this was not made salient (White et al. 2017). Qualita-
tive research also supports the positive role of urban nature in supporting young people’s subjective
well-being (Birch et al. 2020).

A key advantage of this method compared to approaches based on decision utility, such as the
TCM, is that it is not affected by forecasting errors (Wilson & Gilbert 2003). In the case of visits to
green and blue spaces, for instance, this error may go in two directions. Individuals may either focus
too much on the positive experience of contact with nature, while neglecting in their forecast the
negatives that may come with it, such as traffic or overcrowding, or alternatively underestimate the
mental benefits from visiting nearby nature (Nisbet & Zelenski 2011). A possible divergence of deci-
sion and experienced utility may also result from projection bias, which in turn stems from an
underappreciation of adaptation (Loewenstein et al. 2003). There is evidence in many domains that
individuals overestimate the pleasure derived from the consumption or an experience because their
forecast does not fully account for the degree of adaptation of the experience. So although individ-
uals may correctly predict the direction of a utility change, they may err on the extent. Consequently,
individuals may be willing to spend more on a trip ex ante than the overall positive ex post utility
they derive from it would justify.

Other reasons for why a positive association between travel cost and experienced utility may not
be found can be highlighted using the utility maximization problem of the recreationist set out in
Section 2.1. If expected costs and benefits are too low, individuals may not expend sufficient cogni-
tive effort for the deliberation required for a utility maximizing decision (Welsch & Kiihling 2009a).
Moreover, as a precondition for the determination of a utility-maximizing decision regarding the
number of nature visits, the recreationist requires information on the experience at the site. Individ-
uals for which very few nature visits have been recorded may lack this information and so be more
likely to exhibit forecasting error (Welsch & Kiihling 2011). Finally, certain visits to nature may not
be entirely subject to choice. Walking one’s dog for instance may be more akin to an unavoidable
chore than a voluntary nature visit. Consequently, for individuals with very few and low-cost nature
visits and those who perform a chore-type activity, the expected consistency between decision and
experienced utility may not hold.

Nonetheless, critics have questioned whether people’s self-reported well-being is a true reflection
of their underlying utility given known limitations in people’s ability and willingness to reflect on
and communicate their emotional and cognitive states (see discussion in Nikolova & Sanfey 2016).
Another strand of research into the exact utility theoretic characteristics of self-reported well-being
data has found that these statements do not fully overlap with the neoclassical notion of utility
(e.g. Benjamin et al. 2021). Despite these concerns there is a very large body of evidence to suggest
convergent validity between self-reported well-being measures and physiological indicators, such as
neural activity (Sato et al. 2015), ratings of others (Diener et al. 1999), and objective circumstances
(Oswald & Wu 2010). Moreover, unlike sensitive topics such as race, there is likely to be far less
motivated responding on the relatively neutral topic of nature-based visits (Krumpal 2013),
supported by experimental evidence that shows high consistency between physiological and self-
report measures of well-being (Park et al. 2010). Last, in a number of countries, there is growing
interest in evaluation based on (mainly general) SWB from a policy-making perspective (Frijters &
Krekel 2021; HM Treasury 2020; OECD 2018).
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A related approach does attempt to assign monetary values to aggregate SWB (i.e. overall life sat-
isfaction) with respect to changes in the provision of environmental goods but is limited for current
purposes. Specifically, the LSA (e.g., Welsch & Ferreira 2014; Welsch & Kiihling 2009a) is based on
the estimation of a well-being function, which describes the relationship among life satisfaction,
income, and a set of socio-economic characteristics and other variables that have an impact on well-
being (Powdthavee 2008). Drawing upon the relationship between life satisfaction and income, and
the resulting marginal rate of substitution between the environmental good and income, it is there-
fore possible to assign a monetary value to a range of non-market goods such as the availability and
access to green spaces (Ruckelshauf} 2020; Ambrey & Fleming 2014; Kopmann & Rehdanz 2013), air
quality (Ferreira & Moro 2010; Luechinger 2009; Welsch 2006), flooding (Luechinger &
Raschky 2009), or the externalities of onshore wind turbines (Krekel & Zerrahn 2017). The LSA is
less relevant in the context of specific recreational visits for two reasons. A single nature visit may
contribute so little to overall life satisfaction that data noise obscures any measurable effect. Secondly,
when using visit-related SWB (as in the present study), there is no comparable relationship between
income and visit (as opposed to life) satisfaction, and consequently we know of no attempts to place
an economic valuation on the SWB associated with specific trips."

2.3 | A comparison of the two approaches

The two proxies for decision and experienced utility can be used to test whether these two utility
concepts coincide (Loomes 2006). As explained above, the observation of two respondents making
the same number of visits although they incur different travel costs is an indicator of these individ-
uals deriving different levels of (decision) utility from those visits. So our first hypothesis is that
visit-related SWB as an indicator of experienced utility should be a function of travel cost for any
given number of visits y; and other controls X;, or

SWB; |y, Xi =f(c). (3)

This reasoning of an expected relationship between travel cost and visit-related SWB conditional on
visit frequency allows for a test of convergent validity of the two utility concepts. If decision and
expected utility converge for the case of recreational visits to nature, we expect a positive relationship
between visit-related SWB and travel cost for a given number of visits, hence:

J(SWBly,. X;)

2, >0 (4)

If decision utility is an appropriate forecast of experienced utility (i.e. visit-related SWB), Equation (4)
follows from Equation (2). In particular, we estimate the following regression equation

SWB; =7,¢i+1,6 +0y; +BXi+ei. (%)

where X is a vector of respondent and site characteristics including a constant and income, and ¢; is
an error term. This specification allows to detect any possible non-linear effect while still nesting the
linear model. We prefer this specification because it allows to test whether Equation (4) indeed holds
as a linear or non-linear (positive) relationship. In the former case, y; >0 and y, =0; in the latter
case, y; >0 and y, <0 or y, >0. In this last case, visit-related SWB and travel cost co-vary in the sense

"Furthermore, there may be serious issues around the endogeneity of any stated indicator of visit or life satisfaction given that the number of
recent visits to a site is entirely the choice of the respondent.
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that there is a positive correlation. Yet this correlation is not linear but decreases or increases in
strength the higher the absolute level of travel cost.

24 | Travel mode

Initially, the TCM was conceived by Hotelling in the context of the valuation of national parks
(Hotelling 1949), which are specific destinations, ones that people have to make a noticeable effort
in terms of time and expense to visit, for example, through the use of a personal car or public trans-
port. So the method was primarily developed to assess the utility of visits associated with reaching a
destination via a variety of forms of transport over long distances, initially using a zonal travel cost
model (Clawson & Knetsch 1966). In reality, however, most nature visits are close to home and
involve walking or cycling to the destination (Wyles et al. 2019; Elliott et al. 2015). There has there-
fore been an increasing number of TCM applications, which include local recreational trips using a
multitude of travel modes (Bertram & Larondelle 2017; Lankia et al. 2019; Tardieu & Tuffery 2019).
Although such applications often attempt to value such visits by including the opportunity cost of
travel time (routinely by estimating the value of leisure time based on a proportion of income even
though this may be unfounded; Czajkowski et al. 2019), it remains unclear how appropriate the
TCM is for assessing the utility of the large number of local walking visits, especially if the time taken
to reach a site may be utility generating instead of constituting a cost (Abildtrup et al. 2015; Elliott
et al. 2015). Consequently, an additional research question is whether any convergence between deci-
sion and experienced utility assessments emerges for both visits that involved motorized transport to
the site and local (i.e. low-cost) visits where the travel mode was walking. In particular, we test the
relationship in (4) for different types of visits. Specifically, we estimate

SWB; = diyii¢i + diyioc; +0y;+ B Xi+ & (6)

where dj is a categorical variable indicating k=1,2,3 groups of (i) visits undertaken by motorized,
wheeled transport (36.4% in MENE; 67.3% in BIS); (ii) visits done on foot to engage in walking at
the site in question (53.2% in MENE; 18.8% in BIS); (iii) other visit types (e.g. with transport mode
walking to engage in another activity and generally other transport modes. 10.4% in MENE; 13.9%
in BIS).

3 | DATA AND METHODS

This analysis employs two datasets, which are introduced in turn. Subsequently, the main variables
are introduced. There are a number of important commonalities and differences in the definition
and assessment of both key variables and controls which will be pointed out.

3.1 | The MENE dataset

The Monitor of Engagement with the Natural Environment (MENE) Survey is a cross-sectional
online survey commissioned by Natural England, the public body supporting the UK government
on environmental matters. The MENE dataset is representative of the English adult population and
was collected weekly between March 2009 and February 2020 (Natural England 2019).” The dataset
includes information on all visits to nature made in the last week, respondent characteristics, includ-
ing attitudes toward the environment and related behavior, as well as visit-related variables. The

>The MENE survey transitioned into the People and Nature Survey in 2020.
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latter are elicited for a visit randomly selected from those made in the previous seven days. Informa-
tion includes the type of natural environment visited, duration of the visit, distance traveled, form of
transport used, activities undertaken, motivation behind the visit, impressions of the visit, and
incurred expenditures. Information to derive an experienced utility variable (visit satisfaction, visit
worthwhileness and visit anxiety) was collected only from year 2014/15 to year 2017/18. Further, we
exclude observations with missing information about visit costs, other visit characteristics, and per-
sonal characteristics, and also excluded visits carried out on foot with a distance of over 35 miles (56
km), resulting in a sample of N = 3672.

The MENE dataset is used with two caveats. First, it does not include visit frequency specifically
to the randomly selected site. We attempt to account for this limitation by using as control the over-
all frequency of visits to nature reported in the past 12 months, which we expect to correlate with
visits to the specific greenspace, but recognize potential issues with this approach.” Second, the
MENE applies only to adults in England, and it is unclear how generalizable any findings are across
other geographical and cultural contexts. Both limitations are addressed in the BIS dataset, which we
introduce below.

3.2 | The BIS dataset

The BIS dataset is a cross-sectional dataset that was recently collected as part of the H2020
BlueHealth project (Grellier et al. 2017). The international population survey was conducted online
in four waves (June 2017, September—October 2017, December 2017-January 2018 and March-April
2018) across 18 countries, but only data from 14 EU member states (at the time of data collection)
are used in the present analysis (Bulgaria, Czechia, Estonia, Finland, France, Germany, Greece,
Ireland, Italy, the Netherlands, Portugal, Spain, Sweden, and the UK). Besides questions pertaining
to the use of green and blue spaces, mental and physical health conditions, and detailed socio-demo-
graphics, respondents were asked a number of questions regarding their last visit to a blue space site,
including site type, mode of travel, size of the traveling party, expenditures at the site, and crucially
how often in the last four weeks they had visited the site (Elliott & White 2020). Respondents also
indicated the location of the site on a map so that road distances between their home and the visit
location could be extracted ex post (for details see Supplementary Materials in redacted for blind
review). For the 14 European countries covered, information from 14,745 respondents was collected.
Respondents who made no visits to blue spaces in the last four weeks, or for whom different visit
information was not available (e.g. round-trip distance to the site), or where visits did not originate
from home, were excluded resulting in a dataset for analysis of N = 5937. Borger et al. (2021) report
the details of how the dataset was cleaned.

3.3 | Outcome variable - visit-related subjective well-being

Both surveys assess the experienced utility of visits to the natural environment through a number of
questions. For this analysis, four questions are selected and combined into a single composite index
of visit experienced utility (Table 1). For the first three indicators, higher values indicate a more posi-
tive visit experience, whereas for the last indicator, these reflect higher anxiety levels. The four ques-
tions mirror the four SWB measures, used for example by the UK Office of National Statistics to
measure personal well-being (life satisfaction, worthwhile, happiness and anxiety), and reflect,
respectively, the evaluative, eudemonic, positive affective, and negative affective well-being

*Furthermore, even if previous visit frequency had been collected, recall bias has been suggested to be an issue and respondent may be
increasingly vague as to the number of frequently visited sites (Dobbs 1993), which similarly calls into question direct accounts of trip
frequencies.
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TABLE 1 Survey questions assessing experienced utility indicators

MENE dataset BIS dataset

Thinking of this visit, how much do you agree or disagree with How much do you agree with the statements below
the following statements? about your visit?

- I was satisfied with the visit - I was satisfied with the visit

- I found the visit worthwhile - I found the visit worthwhile

- I enjoyed it - It made me feel happy

- I felt anxious - It made me feel anxious

Notes: The variables in the MENE dataset were collected using a 5-point agree/disagree scale whereas those in the BIS survey were assessed
using a 7-point agree/disagree response scale.
Frequency distributions are presented in Tables A.1 and A.2 in the Supplementary Materials.

TABLE 2 Response frequency of travel modes in the MENE and BIS datasets

Mode MENE (N = 3672) BIS (N = 5937)
Walking (incl. wheelchair use) 60.91% 29.36%
Car/van/motorcycle 31.21% 57.36% *

Train 1.58% 2.03%

Bus or coach 2.26% 4.49%

Bicycle 2.87% 5.59%

Boat (or ferry) 0.01% 0.33%

Other (e.g. horseback) 1.15% 0.83%

*The number of UK respondents reporting car/van/motorbikes was 56.35% in the BIS, supporting the notion that the differences in mode
percentages across datasets is likely due to the specificity of blue space visits in the BIS, rather than cross-country differences.

component.4 Following Garrett et al. (2019), the four items were collapsed into an overall visit-
related SWB composite as the sum of all response scores with the maximum value scaled up to 100.
This was made possible by their strong intercorrelation (Cronbach’s alpha for MENE a = 0.69; for
BIS a = 0.76).

3.4 | Travel COST

Our main predictor variable is travel cost, which in both datasets comprises vehicle running costs
and the opportunity cost of travel time. Vehicle running costs are specified based on the distance of
a roundtrip (to and from visit destination) and on transport mode. Relative frequencies of transport
modes for both datasets are displayed in Table 2, with travel by car/van/motorcycle being the most
frequent mode in the BIS dataset and walking in the MENE dataset. This reflects the fact that visits
to blue spaces (in BIS) are more likely to be at a greater distance from home than visits to the natural
environment in general (MENE, Elliott et al. 2015).

To ensure comparability, travel cost is calculated consistently across the two datasets, using the
same variables and additional external information (details are in the Supplementary Materials Part
B). In addition to travel cost, the MENE dataset includes other visit-related expenditure,” which are

“In the MENE dataset, visit enjoyment is available for all survey years. Visit satisfaction, worthwhile, and anxiety were instead commissioned by
the University of Exeter and collected only for years 2014 to 2018. Visit-related happiness, which is usually used as positive affective indicator
in the empirical literature on subjective well-being, was not included in the survey given the similarity with visit enjoyment.

>This is based on the question: “During this visit, did you personally spend any money on any of the items listed on the screen?” Items include
spending on eating and drinking, parking, equipment, items purchased during the visit (such as maps and souvenirs), and admission fees to
tourist attractions.
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kept separate from the main travel cost variable in the analysis as the latter measures costs per per-
son. The exact reference to the individual or the traveling party is unclear for the related spending
variable. Therefore, there may not be a direct association between individual spending and visit
experience (for example in case of money spent on food or entry tickets for children or other adults,
or in the case of money spent by someone else). The BIS did not include any comparable question.

3.5 | Control variables

In the analysis, we control for a set of visit characteristics, which may explain the stated experienced
utility of the visit. These include the type of place visited to differentiate between visits to towns or
cities, seaside towns, coastline, and countryside; visit starting point to account for the fact that the
psychological experience of visits starting from holiday accommodations may be different than visits
starting from home (relevant only for MENE); and activities undertaken during the visit. We further
control for the presence of other adults and children during the visit, and time-related variables, like
whether the visit was on the day before the interview, whether it took place on a weekend, the sea-
son, and the year (relevant only for MENE). The MENE analysis controls for the region of destina-
tion, the BIS analysis for country. In terms of respondent characteristics, we control for gender, age
group, marital status, presence of disability, working condition, ethnic origin (MENE), income (BIS)
or social grade (MENE), region of residence (MENE), and, importantly in both datasets, general
SWB. The latter is important to ensure that the effect of experienced utility of the visit is not affected
by interpersonal variation of general life satisfaction and therefore represents genuinely visit-related
well-being.

Both datasets further include indicators of the perceived availability of alternative recreation sites. In
MENE, three attitudinal items were combined into one variable through factor analysis (Supplementary
Materials Table A.8) in which higher values reflect higher perceived accessibility/quality. We use factor
analysis to build a single indicator capturing the subjective perception of availability of substitute sites. In
the BIS, respondents were asked how much blue space was available within a short walking distance from
their home (“not sure,” “none,” “a little,” “a lot”); and how satisfied they were with the quality of blue
spaces near their home (“very dissatisfied,” “dissatisfied,” “neutral,” “satisfied,” “very satisfied,” “do not
know”). Both variables are included as categorical controls.

Arguably, the most important control variable is the number of visits to the site in question over a
specific period. As noted above, no site-specific information on visit frequency is available in the MENE
dataset. We therefore use the average number of visits to the natural environment (to any site) in the last
12 months as a proxy for visit frequency to the specific site. The BIS dataset does offer the frequency of
visits to the site in question over the 28 days (i.e., four weeks) prior to the interview.® This refers specifi-
cally to the site for which travel cost was computed and to which the visit-related SWB evaluations refer.
With this control in place, travel cost can be interpreted as an indicator of decision utility of the visit,
which in turn allows the test of convergent validity presented below.

4 | RESULTS
4.1 | MENE dataset

Table 3 presents descriptive statistics on visit-related SWB, travel costs, and on the main variables
included in the models.” Visit-related SWB in the analyzed sample ranges from 30 to 100 and is on

®Because the BIS was conducted in four seasonal waves, visit frequency did not need to be reported over a whole year to capture seasonal
effects. To further preclude that reporting times between seasonal waves overlap the timeframe needed to be shorter than three months. We
therefore deem the timeframe of four weeks appropriate to assess visit frequency in the case of this dataset.

“See Table A.3 and Table A.4 in the Supplementary Materials for additional statistics on all control variables.
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TABLE 3 Descriptive statistics of the MENE dataset

Variable Mean/share (N) SD Min Max
Experienced utility: visit-related SWB 85.39 9.38 30.00 100.00
Decision utility: travel cost incl. Time (€) 7.74 11.68 0.17 127.49
Other visit costs (€) 6.17 26.56 0.00 795.45
Nature visits in the last 12 months
More than once per day 0.128 (469) 0.00 1.00
Every day 0.325 (1192) 0.00 1.00
Several times a week 0.352 (1292) 0.00 1.00
Once a week 0.120 (439) 0.00 1.00
Once or twice a month 0.050 (185) 0.00 1.00
Once every 2-3 months 0.014 (52) 0.00 1.00
Once or twice a year 0.007 (25) 0.00 1.00
Never 0.005 (18) 0.00 1.00

Notes: N = 3672. Sampling weights applied. MENE travel cost was not inflation adjusted.

average equal to 85.39. Average round-trip travel costs are €7.74. Other visit costs are equal to zero
for 68% of the sample, with a mean value of €7.68. Visits to the natural environment are quite com-
mon in the analyzed sample, with 45% of the respondents reporting visits once or more per day,
35% visiting several times per week, and 12% once per week.

Results of Model 1 (Table 4), which pools all trip types, show the existence of a positive associa-
tion with diminishing effect between travel cost and visit-related SWB.® An initially positive relation-
ship between these variables turns negative for travel costs greater than €46.07. Keeping in mind that
only in 2.2% of the sample travel costs are above this value, this confirms the positive although
diminishing association between decision utility (i.e. travel cost) and experienced utility as
operationalized by visit-related SWB (Figure 1).

When interacting travel costs with visit mode variables in Model 2, we find that the positive asso-
ciation between travel cost and visit-related SWB holds only in the case of motorized visits, although
only in linear form (with p = 0.136 for the quadratic term). The difference in findings between the
motorized and walkers groups is robust to (a) a linear model specification for the relationship
between visit-related SWB and travel cost, (b) a different model specification, using only the single
item visit satisfaction as dependent variable and estimated using ordered logistic regression
(Tables D.1 and D.3 the Supplementary Materials).

4.2 | BIS dataset

Table 5 presents descriptive statistics of the BIS dataset.” The visit-related SWB indicator has a mean
value of 85.41 on a scale going up to 100. Mean travel cost including the opportunity cost of time is
€9.72. On average, respondents visited their specific blue space site 4.37 times in the four weeks prior
to the survey interview. The minimum travel cost is zero (37 respondents exhibit this travel cost).
These are cases for which both the road distance to the site and the travel time extracted was zero. In
addition to the results presented below, all models were fitted without these cases, and results are
robust.

8See Table C.1 in the Supplementary Materials for the full model results.
%See Table A.5 and Table A.6 in the Supplementary Materials for additional statistics on all control variables.
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TABLE 4 Visit-related subjective wellbeing models including non-linear travel cost (MENE sample)

MENE Model 1 MENE Model 2

Coef. Std. err. Coef. Std. err.
Constant 77.203 ot (2.308) 77.133 i (2.325)
TC incl. time 0.761 B (0.367)
TC? incl. time —0.083 * (0.050)
TC (Motorized) 1.064 W27 (0.494)
TC? (Motorized) —0.097 (0.065)
TC (Walk to walk) 0.532 (0.480)
TC?* (Walk to walk) —0.096 (0.076)
TC (Other) 1.201 (0.739)
TC? (Other) —0.144 (0.092)
TC_max 46.072 S (12.395)
TC_max (Motorized) -
TC_max (Walk to walk) =
TC_max (Other) -
N 3672 3672
R? 0.173 0.174
Adj. R? 0.156 0.157

Notes: Robust standard errors in parentheses.

Sampling weights applied.

TC_max represent estimates of the turning points of the quadratic functions.
*p <0.1. **p <0.05. **p < 0.01.

881

86

Visit-related SWB

84

0 10 20 30 40 50
Round-trip travel cost (in EUR)

FIGURE 1 Predictions of visit-related subjective well-being as a function of travel cost (MENE dataset) based on the
non-linear (Table 4 MENE Model 1, solid line) and linear model (Supp. Mat. Table D.2 MENE Linear 1, dashed line) in green
Notes: All other predictors set to their respective sample means. 95% confidence interval bands are plotted in light and dark
gray, respectively.

Table 6 displays the estimates of interest of the same set of regression models as used for the
MENE data.'” Note that these models, unlike those based on the MENE dataset, control for fre-
quency of visits to exactly the site in question, as opposed to frequency of visits to nature in general.
As for MENE, Model 1 shows that there is a positive relationship between travel cost and visit-
related SWB, which loses strength as travel cost increases. The turning point where the coefficient of
travel cost turns negative is at €100.82. With 99.3% of all travel cost observations in the sample being
smaller than €100, this means that the association between travel cost and visit-related SWB is

'%The results for the full set of predictor variables can be found in Table C.2, in the Supplementary Materials.
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TABLE 5 Descriptive statistics of the BIS dataset

Variable Mean/share (N) SD Min Max

Experienced utility: visit-related SWB 85.41 11.94 14.29 100.00
Decision utility: travel cost incl. time (€) 9.72 16.94 0.00 245.41
Visit frequency (in four weeks) 4.37 6.02 1.00 56.00

Notes: N = 5937.
Country-specific sampling weights applied.

TABLE 6 Visit-related subjective well-being models including non-linear travel cost (BIS sample)

BIS Model 1 BIS Model 2

Coef. Std. err. Coef. Std. err.
Constant 66.621 o (4.220) 66.924 ook (4.219)
TC incl. time 0.498 e (0.168)
TC? incl. time —0.025 ot 0.011)
TC (Motorized) 0.470 i (0.170)
TC? (Motorized) —0.023 ot (0.011)
TC (Walk to walk) —2.917 (1.843)
TC? (Walk to walk) 1.297 (1.194)
TC (Other) —0.112 (2.099)
TC? (Other) 0.237 (1.514)
TC_max 100.815 e (21.245)
TC_max (Motorized) 100.303 bl (22.264)
TC_min 11.245 2 (5.395)

(Walk to walk)

TC_min (Other) -
N 5937 5937
R? 0.199 0.200

Notes: Robust standard errors in parentheses.

Country-specific sampling weights applied.

TC_max and TC_min represent estimates of the turning points of the quadratic functions.
**p <0.05. ***p <0.01.

positive throughout but decreasing in strength. In fact, and like in the MENE case, the curvature of
this association is so flat that it is empirically indistinguishable from the linear relationship
(Figure 2).

A similar picture shows when interactions are used to assess the relationship between travel cost
and visit-related SWB for different respondent groups in Model 2. Only for motorized visitors to
blue spaces is there a positive though diminishing association between the indicators of decision and
experienced utility. The turning point is at a travel cost of €100.03. Notably, the relationship is nega-
tive for those respondents who walk to a site to engage in walking-related activities (insignificant in
Table 6 but significant in the linear model in Table D.2, Supplementary Materials). The
corresponding turning point is at €11.25. Given that 97.9% of respondents in this category have
travel costs smaller than this value, this estimated relationship between TC and visit-related SWB is
virtually negative throughout.

As robustness checks, we also run these models on two alternative specifications. First, we use a
linear specification to model the relationship between visit-related SWB and travel costs (Table D.2
in the Supplementary Materials). This model confirms the significant and positive linear effects for
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FIGURE 2 Predictions of visit-related subjective well-being as a function of travel cost (BIS dataset) based on the non-
linear model (Table 6 BIS Model 1, solid line) and linear model (Supp. Mat. Table D.2 BIS Linear 1, dashed line) Notes: All
other predictors set to their respective sample means. 95% confidence interval bands are plotted in light and dark gray,
respectively.

the whole sample and the motorized group. The association for the Walk to walk group is negative
and significant. For the Other group it is negative but insignificant. Second, we estimate ordinal
logistic models on one of the four components of the composite visit-related SWB variable, the ordi-
nal item of visit satisfaction only, which gives the most comprehensive picture of how the visit went,
similarly to how life satisfaction is considered the key evaluative indicator of general SWB (Helliwell
et al. 2015), (Table D.4). These models support all findings above.

To further explore the negative association between TC and visit-related SWB for those who
walk to walk we estimate the above models while distinguishing between those who do the nature
visit to walk their dog and those who walk without a dog. It can be argued that walking a dog is more
akin to a chore or regular routine, which can be expected to break the positive relationship between
TC and visit-related SWB."" Looking at results for the BIS dataset (because only here did we find the
negative association) we find that the relationship between travel cost and visit-related SWB is in fact
positive for those who “walk to walk” when walking with a dog is excluded. On the other hand, a
model only including those who walked their dog on the nature trip shows a significant and negative
linear association between TC and visit-related SWB (full model results in Table D.6 and D.7 in the
Supplementary Materials). We interpret these results as evidence suggesting that visiting nature as a
chore (i.e. to walk the dog as a routine) undermines the association between TC and visit-related
SWB and may even turn its sign.

5 | DISCUSSION

In supporting the hypothesis of converging utility concepts, the results presented above show that
the more individuals spend on traveling to green/blue spaces via motorized transport (e.g. private
cars, public transport), the higher their subsequent self-reported visit-related subjective well-being.
This result holds when only respondents with an equal number of visits are compared. To the extent
that our variables are adequate operationalizations of decision and experienced utility, respectively,
these results support the notion that individuals are able to make fairly rational ex ante assessments
of their ex post utility and are not prone to substantive forecasting error (Wilson & Gilbert 2003), at
least with respect to nature visits. This may be because visits to these precise locations (at least in the
BIS) were relatively regular occurrences where the experiences can be predicted with relative accu-
racy. Yet, additional regression models using respondents who had only made one visit to a blue
space in the previous four weeks in the BIS dataset confirm the significant and positive association

""'We thank two anonymous reviewers for suggesting this exploration.
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found in the main analysis (Table D.5 in the Supplementary Materials). So even for non-regular rec-
reational visits, the results support the hypothesis of converging utility concepts. Further, we find the
strength of the relationship between experienced utility and travel cost to decline for higher levels of
cost. That these patterns are shown (with some variation in strength) across two datasets is testa-
ment to the robustness of our findings and is in line with the expectation that the relationship
between travel cost and visit-related SWB may be undermined for individuals making fewer trips.
Given that there is no easy way to assign values to temporally specific SWB (e.g., that associated with
a single nature visit), this should reassure potential skeptics of the TCM (Eberle & Hayden 1991) that
the values it generates for such trips are potentially meaningful and can be used for, for example,
policy evaluation.

The findings for nature visits that involved walking to and from the site provide insights as to
when the convergence hypothesis does not hold. In the MENE dataset the pattern was similar to that
for motorized transport, albeit now insignificant. In the BIS dataset, the relationship was negative
and insignificant, yet significant in the linear model, with greater travel costs associated with lower
visit-related SWB. The finding that the two notions of utility are less aligned for low-cost decisions
(i.e., which involve walking) confirms the expectation that individuals are less likely to maximize
(decision) utility by carefully weighing up costs and benefits for such a decision (Welsch &
Kiihling 2009b). Further exploration revealed that the negative relationship between travel cost and
visit-related SWB was driven by the habitual, chore-like nature visits of individuals walking their
dog. This finding may reflect that such trips are not entirely subject to choice, which undermines the
relationship between the two notions of utility.

Nevertheless, given that the only “cost” of walking visits in the TCM is time, this suggests that
the longer it took to walk the dog to a blue space, the worse the resulting visit-related SWB was.
There is strong evidence of a sharp distance decay for recreational visits to green (e.g. Giles-Corti
et al. 2005) and blue spaces (e.g. Elliott et al. 2020), leading various national and international bodies
(Natural England 2010) to recommend publicly accessible parks to be made available within a 10-
15 min walk, approximately 300-500 m from home (van den Bosch et al. 2016). Local trips are also
more likely to be habitual visits, particularly when walking the dog in the neighborhood. When done
regularly and in all weathers such trips may be seen as a chore in some instances and associated with
lower experienced utility. The implications of habitual behavior, for example, leading to bounded
rationality, have been shown in travel route choice (Ramirez et al. 2021), and it is perhaps not sur-
prising that this may apply to decisions around visiting green or blue spaces.

Why this finding only emerged in the 14-country BIS data for blue space visits, and not the in
English MENE data for all types of visits, however, is unclear, and such suggestions are clearly specu-
lative at this stage. Further research is needed to explore the underlying reasons for the respective
null and negative findings for (habitual) walking visits across our two datasets. Nevertheless, the
main conclusion appears to be that the TCM might need to be used with more caution for walking
visits, or in studies with a large share of short-distance or walking travel (Bertram & Larondelle 2017;
Lankia et al. 2019; Tardieu & Tuffery 2019), than with those involving motorized transport, that is,
the context for which it was initially developed (e.g., Azevedo et al. 2003; Bell & Leeworthy 1990;
Jeon & Herriges 2010). Advocates of the TCM may question the need to “justify” or cross-validate
such utility estimates with an indicator of experienced utility altogether, given the well-documented
limitations of these approaches themselves (e.g., Dolan & White 2007). Although understandable,
this begs the question why we found such clear and consistent positive relations between travel cost
and visit-related SWB for motorized transport, with the kind of diminishing marginal associations.
If the findings for motorized transport are accepted by the TCM community, then those for walking
visits at least need to be considered further.

What remains less obvious is how to treat the values generated from the TCM for routine walk-
ing visits. The SWB approach appears to suggest higher values should be assigned to sites closer to
home, supporting calls for better access to local blue spaces for both physical and mental health (Bell
et al. 2020; White et al. 2020). Given that these formed the majority of visits to green/blue spaces in
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the MENE and nearly a third of all blue space visits in the BIS, the potential implications are not
trivial (e.g., Bertram & Larondelle 2017; Lankia et al. 2019). Given the novelty of these findings it is
perhaps too soon to draw any firm conclusions or make any firm recommendations at this stage.
Nevertheless, we would urge TCM practitioners and policy makers interested in utilizing the
resulting value estimates to think carefully about the utility of the method for valuing local green
and blue spaces.

Despite the confirmation that ex ante decision utility and ex post experienced utility align for the
case of motorized transport, there are a number of conceptual and methodological issues that merit
discussion. First, the evaluation of both forms of utility may not exclusively relate to the visit in ques-
tion. Decision utility as assessed via the TCM refers to more than merely the last visit. In fact, it is
likely that their decision (i.e. expected) utility of an option to visit a site may be expressed on the
basis of a weighted sum of past experiences. An individual may go to a park she hears good things
about or in which she may be interested. The decision for the second visit may then be based both
on the past visit and previous experience of similar places. Once the individual visits the n™ time,
expected or decision utility may be a weighted sum with a stronger focus on the more recent visits.
As a consequence, decision utility as operationalized in the TCM may be less prone to forecasting
error the more often a respondent has visited the site, an aspect that was suggested with respect to
pro-environmental behavior (Welsch & Kiihling 2011) and merits further research in this area.

Second, a similar logic applies to the evaluation of experienced utility, which, according to
Dolan & White (2006) is an iterative process over time. An individual decides on and experiences an
activity, subsequently evaluates it, and decides afterwards whether to engage in it again. Therefore,
evaluations of experienced utility, similar to assessments of decision utility by means of the TCM,
can be expected to become more accurate with increasing visit frequency. At the same time, the risk
of measurement error increases as well because a respondent may (consciously or unconsciously)
confuse the experience of different visits even when being asked about a specific (recent) visit.

Third, due to the fact that both datasets are cross-sectional, concerns about potential endogeneity
of travel cost with respect to visit-related SWB may exist. For instance, it is conceivable that, as an
example of reverse causality, respondents who enjoy their nature visit a lot may extend the stay and
thus increase travel costs. However, we deem the chances of reverse causality to be rather slim
because given how travel costs are computed in the two datasets (i.e. transport mode-specific road
and time costs of the way to the site and back) they can hardly be influenced by decisions after the
decision about the trip as such has been made. Moreover, to reduce the probability of omitted vari-
able bias the analysis controls for a large number of covariates even if such bias cannot definitely be
ruled out.

Fourth, a caveat of our findings in support of the hypothesis of convergent utility concepts may
be that an alternative explanation of the positive association between TC and visit-related SWB is
that respondents say they enjoy more expensive visits more in an attempt to rationalize high costs ex
post. For the case of different types of pro-environmental behavior Schmitt et al. (2018) found that
perceived satisfaction with such behavior increases in its costs. Such a mechanism is conceivable for
recreational visits to nature as well and would therefore be an alternative driver of the link between
TC and visit-related SWB. A related, but distinct, point is that individuals may try to rationalize high
travel costs by convincing themselves they experienced more positive emotions and reflections than
they really did. The two datasets at hand do not allow for an analysis into these alternative motives
so we leave this question for future research.

6 | CONCLUSIONS

This paper presents an analysis of the relationship between ex ante decision utility and ex post expe-
rienced utility of recreational nature visits. The two concepts are operationalized using travel cost to
green and blue space sites, and visit-related SWB related to a specific recreational visit. Results based
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on two large-scale datasets with differing spatial and temporal coverage suggest that, conditional on
controlling for visit frequency, travel costs are related to measures of experience utility. This positive
association exhibits a diminishing marginal effect and thus weakens with increasing travel cost.
However, this association is found only in the case of visits carried out using motorized transport,
whereas the costs of walking as a travel mode do not predict experienced utility. This suggests the
need for caution in using the TCM to value recreational visit to natural environments in the case of
short-distance, casual walking visits. Moreover, as in this case travel costs are represented by the cost
of travel time only, this stresses the importance of exploring different strategies to evaluate the
opportunity cost of time (Czajkowski et al. 2019). Although the present study represents a first
attempt to explore whether utility assessments of recreational visits by means of the TCM coincide
with scores of experienced utility gained through visits to green spaces, this approach leaves open a
number of questions and thereby suggests avenues for further research. This relates to recent sugges-
tions in the field of recreation demand analysis for the use of perceived site quality in a trip genera-
tion function (i.e. to determine decision utility) while at the same time relate objective measures of
site conditions to statements of experienced utility (Lupi et al. 2020). For such a comparison to work,
the analyst needs to have information on the relationship between decision and experienced utility
regarding recreational nature visits. In particular, and based on the findings of this analysis, we rec-
ommend including items to elicit experienced utility in TCM surveys. Such data will allow further
investigation of the potential alignment (or lack thereof) of these two concepts under specific
conditions.

ACKNOWLEDGMENTS

This project has received funding from the European Union’s Horizon 2020 research and innovation
program under grant agreement No 666773 (BlueHealth). Data collection in Finland was supported
by the Natural Resources Institute Finland (Luke). Data collection in Portugal was supported by
ISCTE-University Institute of Lisbon. Data collection in Ireland was supported by the Environmen-
tal Protection Agency, Ireland. The funders had no role in the conceptualization, design, analysis,
decision to publish, or preparation of the manuscript. The authors thank the University of Exeter
who commissioned and funded the inclusion in the MENE survey of the experienced utility variables
used in this analysis for the period 2014-2018. The authors further thank Nick Hanley for comments
on an earlier version of this paper. Open Access funding enabled and organized by Projekt DEAL.

REFERENCES

Abildtrup, Jens, Seren B. Olsen, and Anne Stenger. 2015. “Combining RP and SP Data while Accounting for Large Choice Sets
and Travel Mode - an Application to Forest Recreation.” Journal of Environmental Economics and Policy 4(2): 177-201.

Alberini, Anna, Valentina Zanatta, and Paolo Rosato. 2007. “Combining Actual and Contingent Behavior to Estimate the
Value of Sports Fishing in the Lagoon of Venice.” Ecological Economics 61: 530-41.

Ambrey, Christopher, and Christopher Fleming. 2014. “Public Greenspace and Life Satisfaction in Urban Australia.” Urban
Studies 51: 1290-321.

Armbrecht, John. 2014. “Use Value of Cultural Experiences: A Comparison of Contingent Valuation and Travel Cost.” Tour-
ism Management 42: 141-8.

Azevedo, Christopher D., Joseph A. Herriges, and Catherine L. Kling. 2003. “Combining Revealed and Stated Preferences:
Consistency Tests and Their Interpretations.” American Journal of Agricultural Economics 85: 525-37.

Bell, Frederick W., and Vernon R. Leeworthy. 1990. “Recreational Demand by Tourists for Saltwater Beach Days.” Journal of
Environmental Economics and Management 18(3): 189-205.

Bell, Simon, Himansu S. Mishra, Lewis R. Elliott, Rebecca Shellock, Peeter Vassiljev, Miriam Porter, Zoe Sydenham, and
Mathew P. White. 2020. “Urban Blue Acupuncture: Protocol for Evaluating of a Complex Landscape Design Interven-
tion to Improve Health and Wellbeing in a Coastal Community.” Sustainability 12: 4084.

Benjamin, Daniel J., Jakina D. Guzman, Marc Fleurbaey, Ori Heffetz, and Miles S. Kimball. 2021. “What Do Happiness Data
Mean? Theory And Survey Evidence.” NBER Working Paper No. 28438.

Bertram, Christine, and Nele Larondelle. 2017. “Going to the Woods Is Going Home. Recreational Benefits of a Larger Urban
Forest Site - A Travel Cost Analysis for Berlin, Germany.” Ecological Economics 132: 255-63.

Birch, Jo, Clare Rishbeth, and Sarah R. Payne. 2020. “Nature Doesn’t Judge You - How Urban Nature Supports Young Peo-
ple’s Mental Health and Wellbeing in a Diverse UKCity.” Health ¢ Place 62: 102296.



18 WAS THE TRIP WORTH IT?

Borger, Tobias, Danny Campbell, Mathew P. White, Lewis R. Elliott, Lora E. Fleming, Joanne K. Garrett, Caroline Hattam,
Stephen Hynes, Tuija Lankia, and Tim Taylor. 2021. “The Value of Blue-Space Recreation and Perceived Water Quality
across Europe: A Contingent Behaviour Study.” Science of the Total Environment 771: 145597.

Bratman, Gregory N., Christopher B. Anderson, Marc G. Berman, Bobby Cochran, Sjerp de Vries, Jon Flanders, Carl Folke,
et al. 2019. “Nature and Mental Health: An Ecosystem Service Perspective.” Science Advances 5(7): eaax0903.

Cameron, Trudy A. 1992. “Combining Contingent Valuation and Travel Cost Data for the Valuation of Nonmarket Goods.”
Land Economics 68: 302-17.

Chaudhry, Pradeep, and Vindhya P. Tewari. 2006. “A Comparison between TCM and CVM in Assessing the Recreational Use
Value of Urban Forestry.” International Forestry Review 8: 439-48.

Clawson, Marion, and Jack L. Knetsch. 1966. Economics of Outdoor Recreation. Washington DC: Johns Hopkins University
Press for Resources for the Future.

Czajkowski, Mikolaj, Heini Ahtiainen, Janne Artell, Wiktor Budzinski, Berit Hasler, Linus Hasselstrom, Jiirgen Meyerhoff,
et al. 2015. “Valuing the Commons: An International Study on the Recreational Benefits of the Baltic Sea.” Journal of
Environmental Management 156: 209-17.

Czajkowski, Mikolaj, Marek Giergiczny, Jakub Kronenberg, and Jeffrey Englin. 2019. “The Individual Travel Cost Method with
Consumer-Specific Values of Travel Time Savings.” Environmental and Resource Economics 74: 961-84.

Day, Brett. 2020. “The Value of Greenspace under Pandemic Lockdown.” Environmental and Resource Economics 76:
1161-85.

Day, Brett, and Greg Smith. 2016. “Outdoor Recreation Valuation (ORVal) User Guide.” Available online at: http://leep.
exeter.ac.uk/orval/pdf-reports/orval_user_guide.pdf

Day, B., and Greg Smith. 2017. The ORVal Recreation Demand Model: Extension Project. Exeter: The University of Exeter.
Available online at: https://www.leep.exeter.ac.uk/orval/pdf-reports/ORValll_Modelling_Report.pdf

de Vos, Jonas, Patricia L. Mokhtarian, Tim Schwanen, Veronique van Acker, and Frank Witlox. 2016. “Travel Mode Choice
and Travel Satisfaction: Bridging the Gap between Decision Utility and Experienced Utility.” Transportation 43: 771-96.

de Vries, Sjerp, Wim Nieuwenhuizen, Hans Farjon, Arjen van Hinsberg, and Joep Dirkx. 2021. “In which Natural Environ-
ments Are People Happiest? Large-Scale Experience Sampling in The Netherlands.” Landscape and Urban Planning 205:
103972.

del Saz-Salazar, Salvador, Francisco Gonzdlez-Gémez, and Jorge Guardiola. 2020. “Valuing Water Supply Infrastructure
Improvements Using Life Satisfaction Data as a Complement to Contingent Valuation.” Water and Environment Journal
34: 401-13.

Diener, Ed, Eunkook M. Suh, Richard E. Lucas, and Heidi L. Smith. 1999. “Subjective Well-Being: Three Decades of Progress.”
Psychological Bulletin 125(2): 276-302.

Dobbs, Ian M. 1993. “Individual Travel Cost Method: Estimation and Benefit Assessment with a Discrete and Possibly
Grouped Dependent Variable.” American Journal of Agricultural Economics 75: 84-94.

Doherty, Sean T., Christopher J. Lemieux, and Cullum Canally. 2014. “Tracking Human Activity and Well-Being in Natural
Environments Using Wearable Sensors and Experience Sampling.” Social Science & Medicine 106: 83-92.

Dolan, Paul, and Mathew P. White. 2006. “Dynamic Well-Being: Connecting Indicators of What People Anticipate with Indi-
cators of What they Experience.” Social Indicators Research 75: 303-33.

Dolan, Paul, and Mathew P. White. 2007. “How Can Measures of Subjective Well-Being Be Used to Inform Public Policy?”
Perspectives on Psychological Science 2: 71-85.

Eberle, W. David, and F. Gregory Hayden. 1991. “Critique of Contingent Valuation and Travel Cost Methods for Valuing Nat-
ural Resources and Ecosystems.” Journal of Economic Issues 25: 649-87.

Elliott, Lewis R., and Mathew P. White. 2020. “BlueHealth International Survey Methodology and Technical Report.” doi:
https://doi.org/10.17605/OSF.10/7AZU2.

Elliott, Lewis R., Mathew P. White, James Grellier, Joanne K. Garrett, Marta Cirach, Benedict W. Wheeler, Gregory N.
Bratman, et al. 2020. “Defining Residential Blue Space Distance Categories: Modelling Distance-Decay Effects across
Eighteen Countries.” Landscape ¢» Urban Planning 198: 103800.

Elliott, Lewis R., Mathew P. White, Adrian H. Taylor, and Stephen Herbert. 2015. “Energy Expenditure on Recreational Visits
to Different Natural Environments.” Social Science & Medicine 139: 3-60.

Englin, Jeffrey, and Robert Mendelsohn. 1991. “A Hedonic Travel Cost Analysis for Valuation of Multiple Components of Site
Quality: The Recreation Value of Forest Management.” Journal of Environmental Economics and Management 21:
275-90.

Ferreira, Susana, and Mirko Moro. 2010. “On the Use of Subjective Well-Being Data for Environmental Valuation.” Environ-
mental and Resource Economics 46: 249-73.

Frijters, Paul, and Christian Krekel. 2021. Handbook for Wellbeing Policy-Making. History, Theory, Measurement, Implementa-
tion, and Examples. Oxford, UK: Oxford University Press.

Garrett, Joanne K., P. Mathew, Junjie White, Simpson Huang, Zero Ng, Colette Hui, Lap A. Leung, et al. 2019. “Urban Blue
Space and Health and Wellbeing in Hong Kong: Results from a Survey of Older Adults.” Health ¢ Place 55: 100-10.
Gascon, Mireira, Margarita Triguero-Mas, David Martinez, Payam Dadvand, Joan Forns, Antoni Plaséncia, and Mark J.
Nieuwenhuijsen. 2015. “Mental Health Benefits of Long-Term Exposure to Residential Green and Blue Spaces: A Sys-

tematic Review.” International Journal of Environmental Research and Public Health 12: 4354-79.


http://leep.exeter.ac.uk/orval/pdf-reports/orval_user_guide.pdf
http://leep.exeter.ac.uk/orval/pdf-reports/orval_user_guide.pdf
https://www.leep.exeter.ac.uk/orval/pdf-reports/ORValII_Modelling_Report.pdf
https://doi.org/10.17605/OSF.IO/7AZU2

BORGER ET AL. 19

Giles-Corti, Billie, Melissa H. Broomhall, Matthew Knuiman, Catherine Collins, Kate Douglas, Kevin Ng, Andrea Lange, and
Robert J. Donovan. 2005. “Increasing Walking: How Important Is Distance to, Attractiveness, and Size of Public Open
Space?” American Journal of Preventive Medicine 28(2): 169-76.

Grellier, James, Mathew P. White, Maria Albin, Simon Bell, Lewis R. Elliott, Mireira Gascon, Silvio Gualdi, et al. 2017.
“BlueHealth: A Study Programme Protocol for Mapping and Quantifying the Potential Benefits to Public Health and
Well-Being from Europe’s Blue Spaces.” BMJ Open 7: €016188.

Hellerstein, Daniel, and Robert Mendelsohn. 1993. “A Theoretical Foundation of Count Data Models.” American Journal of
Agricultural Economics 75: 604-11.

Helliwell, John F., Richard Layard, and Jeffrey D. Sachs, eds. 2015. World Happiness Report 2015. New York: Sustainable
Development Solutions Network.

HM Treasury. 2020. The Green Book. Central Government Guidance on Appraisal and Evaluation. London: TSO.

Hotelling, Harold. 1949. “Letter to the National Park Service.” In An Economic Study of the Monetary Evaluation of Recreation
in the National Parks. Washington, DC: National Park Service.

Humphreys, Brad R., Bruce K. Johnson, and John C. Whitehead. 2020. “Validity and Reliability of Contingent Valuation and
Life Satisfaction Measures of Welfare: An Application to the Value of National Olympic Success.” Southern Economic
Journal 87: 316-30.

Jeon, Yongsik, and Joseph A. Herriges. 2010. “Convergent Validity of Contingent Behavior Responses in Models of Recreation
Demand.” Environmental and Resource Economics 45: 223-50.

Kahneman, Daniel. 1994. “New Challenges to the Rationality Assumption.” Journal of Institutional and Theoretical Economics
(JITE) / Zeitschrift fiir die gesamte Staatswissenschaft 150: 18-36.

Kahneman, Daniel, and Alan B. Krueger. 2006. “Developments in the Measurement of Subjective Well-Being.” Journal of Eco-
nomic Perspectives 20: 3-24.

Kahneman, Daniel, and Robert Sugden. 2005. “Experienced Utility as a Standard of Policy Evaluation.” Environmental and
Resource Economics 32: 161-81.

Kahneman, Daniel, Peter P. Wakker, and Rakesh Sarin. 1997. “Back to Bentham? Explorations of Experienced Utility.” Quar-
terly Journal of Economics 112: 375-405.

Kling, Catherine L. 1997. “The Gains from Combining Travel Cost and Contingent Valuation Data to Value Nonmarket
Goods.” Land Economics 73: 428-39.

Kling, Catherine L., Daniel J. Phaneuf, and Jinhua Zhao. 2012. “From Exxon to BP. Has Some Number Become Better than no
Number?” Journal of Economic Perspectives 26(4): 3-26.

Kopmann, Angela, and Katrin Rehdanz. 2013. “A Human Well-Being Approach for Assessing the Value of Natural Land
Areas.” Ecological Economics 93: 20-33.

Krekel, Christian, and Alexander Zerrahn. 2017. “Does the Presence of Wind Turbines Have Negative Externalities for People
in their Surroundings? Evidence from Well-Being Data.” Journal of Environmental Economics and Management 82:
221-38.

Krumpal, Ivar. 2013. “Determinants of Social Desirability Bias in Sensitive Surveys: A Literature Review.” Quality ¢ Quantity
47:2025-47.

Lankia, Tuija, Marjo Neuvonen, and Eija Pouta. 2019. “Effects of Water Quality Changes on the Recreation Benefits of Swim-
ming in Finland: Combined Travel Cost and Contingent Behavior Model.” Water Resources and Economics 25: 2-12.

Lienhoop, Nele, and Till Ansmann. 2011. “Valuing Water Level Changes in Reservoirs Using Two Stated Preference
Approaches: An Exploration of Validity.” Ecological Economics 70: 1250-8.

Loewenstein, George, Ted O’Donoghue, and Matthew Rabin. 2003. “Projection Bias in Predicting Future Utility.” Quarterly
Journal of Economics 118: 1209-48.

Loomes, Graham. 2006. “(How) Can We Value Health, Safety and the Environment?” Journal of Economic Psychology 27:
713-36.

Loomis, John. 2006. “A Comparison of the Effect of Multiple Destination Trips on Recreation Benefits as Estimated by Travel
Cost and Contingent Valuation Methods.” Journal of Leisure Research 38: 46-60.

Luechinger, Simon. 2009. “Valuing Air Quality Using the Life Satisfaction Approach.” Economic Journal 119: 482-515.

Luechinger, Simon, and Paul A. Raschky. 2009. “Valuing Flood Disasters Using the Life Satisfaction Approach.” Journal of
Public Economics 93: 620-33.

Lupi, Frank, Daniel J. Phaneuf, and Roger H. von Haefen. 2020. “Best Practices for Implementing Recreation Demand
Models.” Review of Environmental Economics and Policy 14: 302-23.

MacKerron, George, and Susana Mourato. 2013. “Happiness Is Greater in Natural Environments.” Global Environmental
Change 23: 992-1000.

Martinez-Espineira, Roberto, and Joe Amoako-Tuffour. 2008. “Recreation Demand Analysis under Truncation, Over-
dispersion, and Endogenous Stratification: An Application to Gros Morne National Park.” Journal of Environmental
Management 88: 1320-32.

Natural England. 2010. Nature Nearby: Accessible Natural Greenspace Guidance. Sheffield: Natural England.

Natural England. 2019. “Monitor of Engagement with the Natural Environment - The National Survey on People and the Nat-
ural Environment. Technical Report to the 2009-2019 surveys. Natural England Joint Report NECR277.” Retrieved from



20 WAS THE TRIP WORTH IT?

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/875153/MENE _
Technical_Report_Years_1_to_10v2.pdf

Navrud, Stale, and Eric Dada Mungatana. 1994. “Environmental Valuation in Developing Countries: The Recreational Value
of Wildlife Viewing.” Ecological Economics 11: 135-51.

Nikolova, Elena, and Peter Sanfey. 2016. “How Much Should We Trust Life Satisfaction Data? Evidence from the Life in Tran-
sition Survey.” Journal of Comparative Economics 44: 720-31.

Nisbet, Elizabeth K., and John M. Zelenski. 2011. “Underestimating Nearby Nature: Affective Forecasting Errors Obscure the
Happy Path to Sustainability.” Psychological Science 22: 1101-6.

OECD. 2013. Guidelines on Measuring Subjective Well-Being. Paris: Organisation for Economic Development and Coopera-
tion, OECD Publishing.

OECD. 2018. Cost-Benefit Analysis and the Environment: Further Developments and Policy Use. Paris: Organisation for Eco-
nomic Development and Cooperation, OECD Publishing.

ONS. 2011. Measuring Subjective Well-Being. London: Office of National Statistics.

Oswald, Andrew J., and Stephen Wu. 2010. “Objective Confirmation of Subjective Measures of Human Well-Being: Evidence
from the USA.” Science 327: 576-9.

Park, Bum Jin, Yuko Tsunetsugu, Tamami Kasetani, Takahide Kagawa, and Yoshifumi Miyazaki. 2010. “The Physiological
Effects of Shinrin-Yoku (Taking in the Forest Atmosphere or Forest Bathing): Evidence from Field Experiments in
24 Forests across Japan.” Environmental Health and Preventive Medicine 15: 18-26.

Parsons, George R. 2017. “Travel Cost Models.” In A Primer on Nonmarket Valuation, 2nd ed., edited by Patricia A. Champ,
Kevin J. Boyle, and Thomas C. Brown, 187-233. Dordrecht: Springer.

Pascoe, Sean. 2019. “Recreational Beach Use Values with Multiple Activities.” Ecological Economics 160: 137-44.

Pokki, H., J. Artell, . Mikkola, P. Orell, and V. Ovaskainen. 2018. “Valuing Recreational Salmon Fishing at a Remote Site in
Finland: A Travel Cost Analysis.” Fisheries Research 208: 145-56.

Powdthavee, Nattavudh. 2008. “Putting a Price Tag on Friends, Relatives, and Neighbours: Using Surveys of Life Satisfaction
to Value Social Relationships.” Journal of Socio-Economics 37: 1459-80.

Ramirez, Humberto G., Leclercq Ludovic, Chiabaut Nicolas, Becarie Cecile, and Jean Krug. 2021. “Travel Time and Bounded
Rationality in travellers’ Route Choice Behaviour.” Travel Behaviour and Society 22: 59-83.

Rolfe, John, and Brenda Dyack. 2010. “Testing for Convergent Validity between Travel Cost and Contingent Valuation Esti-
mates of Recreation Values in the Coorong, Australia.” Australian Journal of Agricultural and Resource Economics 54:
583-99.

Ruckelshauf3, Teresa. 2020. “The Effect of Green Areas on Life Satisfaction: A Comparison of Subjective and Objective Mea-
sures.” In Handbook on Wellbeing, Happiness and the Environment, edited by David Maddison, Katrin Rehdanz, and
Welsch Heinz, 245-65. Cheltenham: Edward Elgar Publishing.

Sato, Wataru, Takanori Kochiyama, Shota Uono, Yasutaka Kubota, Reikko Sawada, Sayaka Yoshimura, and Motomi Toichi.
2015. “The Structural Neural Substrate of Subjective Happiness.” Scientific Reports 5: 1-7.

Schmitt, Michael T., Lara B. Aknin, Jonn Axsen, and Rachael L. Shwom. 2018. “Unpacking the Relationships between Pro-
Environmental Behavior, Life Satisfaction, and Perceived Ecological Threat.” Ecological Economics 143: 130-40.

Tardieu, Lea, and Laetitia Tuffery. 2019. “From Supply to Demand Factors: What Are the Determinants of Attractiveness for
Outdoor Recreation?” Ecological Economics 161: 163-75.

Twohig-Bennett, Caoimhe, and Andy Jones. 2018. “The Health Benefits of the Great Outdoors: A Systematic Review and
Meta-Analysis of Greenspace Exposure and Health Outcomes.” Environmental Research 166: 628-37.

van den Bosch, Matilda A., Pierpaolo Mudu, Valdas Uscila, Maria Barrdahl, Alexandra Kulinkina, Birgit Staatsen, Wim Swart,
Hanneke Kruize, Ingrida Zurlyte, and Andrey I. Egorov. 2016. “Development of an Urban Green Space Indicator and
the Public Health Rationale.” Scandinavian Journal of Public Health 44: 159-67.

Ward, Frank A., and Diana Beal. 2000. Valuing Nature with Travel Cost Models. Cheltenham: Edward Elgar.

Welsch, Heinz. 2006. “Environment and Happiness: Valuation of Air Pollution Using Life Satisfaction Data.” Ecological Eco-
nomics 58: 801-13.

Welsch, Heinz, and Susana Ferreira. 2014. “Environment, Well-Being, and Experienced Preference.” International Review of
Environmental and Resource Economics 7: 205-39.

Welsch, Heinz, and Jan Kiihling. 2009a. “Using Happiness Data for Environmental Valuation: Issues and Applications.” Jour-
nal of Economic Surveys 23: 385-406.

Welsch, Heinz, and Jan Kiihling. 2009b. “Determinants of Pro-Environmental Consumption: The Role of Reference Groups
and Routine Behavior.” Ecological Economics 69: 166-76.

Welsch, Heinz, and Jan Kiihling. 2011. “Are Pro-Environmental Consumption Choices Utility-Maximizing? Evidence from
Subjective Well-Being Data.” Ecological Economics 72: 75-87.

White, Mathew P., Ian Alcock, James Grellier, Benedict W. Wheeler, Terry Hartig, Sara L. Warber, Angie Bone, Micheal H.
Depledge, and Lora E. Fleming. 2019. “Spending at Least 120 Minutes a Week in Nature Is Associated with Good Health
and Wellbeing.” Scientific Reports 9: 7730.

White, Mathew P., and Paul Dolan. 2009. “Accounting for the Richness of Daily Activities.” Psychological Science 20: 1000-8.

White, Mathew P., Lewis R. Elliott, Mireira Gascon, Bethany Roberts, and Lora E. Fleming. 2020. “Blue Space, Health and
Well-Being: A Narrative Overview and Synthesis of Potential Benefits.” Environmental Research 191: 11016.


https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/875153/MENE_Technical_Report_Years_1_to_10v2.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/875153/MENE_Technical_Report_Years_1_to_10v2.pdf

BORGER ET AL. 21

White, Mathew P., Lewis R. Elliott, James Grellier, Theo Economou, Simon Bell, Gregory N. Bratman, Marta Criach, et al.
2021. “Associations between Green/Blue Spaces and Mental Health across 18 Countries.” Scientific Reports 11: 8903.
White, Mathew P., Sabine Pahl, Katherine J. Ashbullby, Stephen Herbert, and Michael H. Depledge. 2013. “Feelings of Resto-

ration from Recent Nature Visits.” Journal of Environmental Psychology 35: 40-51.

White, Mathew P., Sabine Pahl, Benedict W. Wheeler, Michael H. Depledge, and Lora E. Fleming. 2017. “Natural Environ-
ments and Subjective Well-Being: Different Types of Nature Exposure Are Associated with Different Aspects of
Wellbeing.” Health ¢ Place 45: 77-84.

Willis, Ken G., and Guy D. Garrod. 1991. “An Individual Travel-Cost Method of Evaluating Forest Recreation.” Journal of
Agricultural Economics 42: 33-42.

Wilson, Timonthy D., and Daniel T. Gilbert. 2003. “Affective Forecasting.” Advances in Experimental Social Psychology 35:
345-411.

Wryles, Kayleigh, Mathew P. White, Caroline Hattam, Sabine Pahl, and Melanie C. Austen. 2019. “Are some Natural Environ-
ments more Psychologically Beneficial than Others? The Importance of Type and Quality on Connectedness to Nature
and Psychological Restoration.” Environment and Behaviour 51: 111-43.

Zhang, Fan, Xiao Hua Wang, Paolo A. L. D. Nunes, and Chunbo Ma. 2015. “The Recreational Value of Gold Coast Beaches,
Australia: An Application of the Travel Cost Method.” Ecosystem Services 11: 106-14.

SUPPORTING INFORMATION
Additional supporting information may be found in the online version of the article at the pub-
lisher’s website.

How to cite this article: Borger, Tobias, Anna Maccagnan, Mathew P. White, Lewis R. Elliott,
and Tim Taylor. 2022. “Was the Trip Worth It? Consistency between Decision and
Experienced Utility Assessments of Recreational Nature Visits.” American Journal of
Agricultural Economics 1-21. https://doi.org/10.1111/ajae.12328



https://doi.org/10.1111/ajae.12328

	Was the trip worth it? Consistency between decision and experienced utility assessments of recreational nature visits
	1  INTRODUCTION
	2  VALUING RECREATIONAL VISITS TO GREEN AND BLUE SPACE SITES
	2.1  Valuing nature visits ex ante: Travel COST method
	2.2  The psychological approach to valuing visits ex-post
	2.3  A comparison of the two approaches
	2.4  Travel mode

	3  DATA AND METHODS
	3.1  The MENE dataset
	3.2  The BIS dataset
	3.3  Outcome variable - visit-related subjective well-being
	3.4  Travel COST
	3.5  Control variables

	4  RESULTS
	4.1  MENE dataset
	4.2  BIS dataset

	5  DISCUSSION
	6  CONCLUSIONS
	ACKNOWLEDGMENTS
	REFERENCES


