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ABSTRACT

In Part | of this thesis we employ novel econonegigchniques to explore elicitation
anomalies in contingent valuation (CV). Accordingtandard assumptions regarding
preferences, changes in the way values are elicit€¥ questions should be decision-
irrelevant. That responses are observed to systatadiffer according to elicitation
format has, therefore, called the CV method intesjon. One possible explanation
lies in the proposition that respondents are uagedbout their preferences and that
their uncertainty precipitates systematically dif& responses to different question
formats. We test this hypothesis using data fr@apl&sample CV survey. We analyse
our data using an innovative application of a sparametric estimator more
commonly used for duration modelling in the medisgiences but find that

uncertainty alone cannot explain away common alicih anomalies.

In Part Il we employ simulation modelling and expental techniques to investigate
payment for ecosystem services (PES) schemes riialvé multiple buyers. In
Chapter 2, we explore opportunities for buyers ESPscheme to realise Pareto-
improving outcomes through spatial coordinatiorthiair independent purchases of
changes to land-management practices. We develgmalation environment
imitating a heterogeneous agricultural landscapleusing techniques of integer-linear
programming solve for outcomes under differentifagonal arrangements. Our
simulations allow us to explore how gains from neded or fully-cooperative
purchasing differ across different configuratiohtaodscape and buyer objectives. In
Chapter 3, we investigate negotiation as a mulnpieehaser ecosystem service
procurement mechanism. We design and conduct nibwek-person bargaining
experiments in which two potential buyers can nieg@iot only between each other
but also with a seller of ecosystem services. Wd that negotiated deals can be
reached that are mutually advantageous to all ggarin all treatment scenarios
presented, the vast majority of groups are abtedoh agreements; in addition, these

agreements are reached relatively quickly.
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INTRODUCTION

This thesis focuses on applying some of the corantpative techniques of

environmental economics—econometrics, simulatiodelimg and experiments—to

examine three problems. Part | of this thesis esesometric techniques to analyse
uncertain responses to contingent valuation sunigm Il of this thesis explores two
related topics: Chapter 2 uses simulation modelliaghniques to assess the
opportunities and barriers for forming multiple-poaser payment for ecosystem
services (PES) schemes; Chapter 3 uses experimecdalomics techniques to

examine the potential workings of a negotiated iplétpurchaser PES scheme.

In the first chapter we utilise novel econometechniques to explore elicitation
anomalies in contingent valuation (CV) surveys. Thé method is commonly used
to elicit value estimates for non-market goods, mngarticular environmental non-
market goods, however the validity of the method baen questioned as responses
are observed to systematically differ accordingh® elicitation format—so called
elicitation anomalies. According to standard asdionp regarding preferences,
changes in the way values are elicited in CV quoastshould be decision-irrelevant.
Asking respondents of CV surveys to value non-magkgironmental goods is often
a complex task in that it is unlikely that indivella will have previously considered
the trade-off between the provision of such goodkraoney. One explanation which
has been proposed (Ready, et al. 1995; Welsh ard1P@8; Ready, et al. 2001,
Flachaire and Hollard 2007) is that respondentsiacertain about their preferences
and that their uncertainty precipitates systembyichfferent responses to different
question formats. In other words it is the prooafseequiring individuals to express
values in CV surveys as if they had well-definedtaia preferences that leads to
elicitation anomalies. Testing this hypothesishis tirst key contribution of Chapter
1.

The chapter is structured around two common CVitation anomalies: (i) the
disparity between values elicited using dichotomolusice and those elicited using
open-ended CV questions and (ii) starting poins lmaanchoring on an initial bid.

Values elicited using dichotomous choice (DC) goest have been shown to be



consistently higher than those elicited using opetied (OE) questions (Brown, et al.
1996; Champ, et al. 1997; Vossler, et al. 2003jeWwise, it is well-established that
when eliciting values using a series of two or mbf questions (for example, the
double-bound DC format) responses to later questma anchored on the initial DC
bid (Whitehead 2002; Flachaire and Hollard 200®730

To assess for evidence of elicitation anomalies nwiespondents are allowed to
express uncertainty we use a large contingent tratuaataset from Suffolk, UK,
collected in 2004. Individuals in the study papated in a valuation exercise
comprising three tasks: initially respondents waltecated to a treatment group in
which they received either a standard open endesingte-bounded dichotomous
question; subsequently, they answered a followugstion in which they could state
their level of certainty; finally, all respondemtsmpleted a novel payment-ladder style
guestion to establish the range of values over lwthiey were certain and uncertain.
The third task, the novel payment-ladder, is chpdieked to the multiple-bounded-
dichotomous-choice (MBDC) elicitation method; Mah&t al. (2014) provide a recent
summary of MBDC studies. A key difference in outadet is that respondents state
their level of certainty to a semi-continuous pawiriadder ranging from £1 to £500
with £1 increments. This allows for more precisiginen locating the highest values
which respondents are certain they would be wiltmgay and also the lowest value
they are certain they are not willing to pay. Eté exists a gap between these values
then that forms the range of values a respondeuonhdgrtain about paying—their

uncertainty range.

The second key contribution of Chapter 1 is thesttgyment of a novel econometric
method to investigate responses to CV questionsywésgpondents are allowed to
express uncertainty ranges as part of their CVaresg. In particular we model the
size (or width) and location of the uncertaintyganThe estimator we describe is
adapted from the duration modelling techniques usethe medical literature to
statistically analyse the ‘time to event’; for exales see: (Frydman 1995; Commenges
2002; Frydman and Szarek 2009) and for a reviesuadtion modelling see Klein and
Moeschberger (1997). Our econometric method ighmeofirst to analyse uncertainty
ranges from CV surveys but so far no consensusybaemerged on the most
appropriate method. In Chapter 1 we review therradtéve methods, including the

Random Valuation Model developed in Wang (1997prabability based model
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developed in Evans et al. (2003) and the Latenedhwold Estimator developed in
Kobayashi et al. (2012). Our method is closesh®liatent Threshold Estimator in
that it analyses the transition between differégties of certainty, however it does this
in a radically different way by adapting the mugtate duration models used in the
medical literature to analyse the progression alan§VTP scale rather than a
progression through time. This allows statisticalgsis over the full range of the

WTP value distribution without requiring restriatiyparametric assumptions.

As far as we are aware this is the first time tigg form of multi-state duration
modelling has been used in economic analysis. Wea@nour estimator in Chapter 1
to test the hypothesis that elicitation anomal@smonly observed in CV studies are
the result of asking respondents with uncertairfepeaces to answer as if those
preferences were precisely-defined. Our econometriodel allows us to
simultaneously explore how the width and the laratf the uncertainty range are
influenced by the CV elicitation method used (DCd&) and the initial bid offered if
in a DC group. If the expectation of proceduralanance is supported by our data
when respondents are allowed to express uncentgiarpnces, then the prognosis for
the CV method is rather encouraging; by allowingtfee possibility of uncertainty,
CV can elicit preferences that are procedurallyamant and conform to many of the

expectations of standard economic theory.

In Chapter 2 of this thesis we develop a sophiccdramework of simulation
modelling methods to investigate multiple-buyer mpants for ecosystem services
(PES) schemesRecently there has been a significant increageténest in creating
markets, payments or regulations to encourage ribduption of ecosystem services
(Salzman 2005; Engel, et al. 2008; Wunder 2008; ke=met al. 2010; Kinzig, et al.
2011; Defra 2013; Quick, et al. 2013). In Chaptexr@ focus on modelling a voluntary
scheme in which landowners are compensated foretlusystem services they

produce—a PES scheme. In PES schemes, the landisvwpaed to produce ecosystem

! The motivation for studying multiple-purchaser P&Bemes in this thesis stems primarily from

interest expressed by stakeholders in collaborativd undertaken by the University of East Anglia,
The Department of Environment Food and Rural Aéféibefra) and a number of water companies in
the UK, see Defra reports Day and Couldrick (204r8) Day et al. (Forthcoming).
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services, commonly this involves the farmer undéng an alternative land-
management practice, those alternative land usescestly; possibly requiring
additional expenditure in land management or rggpih a lower yield of agricultural
output. At the same time, those changes often eleliows in one or more ecosystem
service. Importantly, those flows may accrue tdedé@nt beneficiary groups each of
whom might be prepared to contribute to paymentslentorough the scheme.
Furthermore, those flows depend on the spatiaépatif land use—which landowners

are in the PES scheme and what land-managemenjetizey are undertaking.

Designing a method which can find the spatial pattd land-use that produces the
maximum amount of ecosystem service(s) is a comgask but one that has been
previously studied. Recently, Polasky et al. (20dtdidy this from the point of view
of a regulator with limited knowledge of landowrsecosts, proposing a special type
of auction which incentivises the landowners tohiuily reveal their costs, this allows
the regulator to select the optimal spatial pattefnland-use. In addition, the
conservation biology literature contains many exasghat focus specifically on
biodiversity, for a review see Williams et al. (BZ)0Previously the majority of PES
literature has largely concentrated on the singletpaser problem; Chapter 2 differs
markedly by focusing on the issue of PES mechardgsign when the activity
incentivised through the scheme benefits multipldependent groups—multiple-

purchaser PES schemes.

Of course, multiple-purchaser PES schemes aresesaball PES schemes. In some
situations single-purchaser schemes may be mone@ygte, in other situations a
single buyer, such as the government, may act dalbef multiple beneficiary
groups. However, certainly in the UK, there is iat in developing multiple-
purchaser PES schemes, this is captured in theniolg quote from the Department
for Environment Food and Rural Affairs (Defra)here is a need to explore new
means to aggregate demand from beneficiaries anbilise® funding solutions”
“These approaches ... draw in multiple sources ofliiig and strengthen the overall

economic case for actiond23. (Defra 2013).

There exists a wide variety of potential buyere@dsystem services, realistically any
group or organisation that benefits from an inceeiasecosystem service flows is a

potential buyer, for example, national or local gamments, NGO’s, environmental

11



groups or private companies, such as water compadistorically, governments have
been considered the main buyers of ecosystem sspypcedominately through agri-
environmental schemes (FAO 2007). The largest sebare currently in the US and
EU. The US, in 2013, spent just less than $6 Ioilba conservation programmes, with
approximately a third of the spending on the largesheme—the Conservation
Reserve Program (USDA 2014). Agri-environmentalesebs were introduced into
European policy in the late 1980s (Regulation (ERG)797/85) and since 1992 have
been compulsory for member states. Initially agwieonmental schemes were
included as an “accompanying measure” to the ComAgrcultural Policy (CAP)
reform and later became a dedicated regulationRagn (EEC) No 2078/92). Since
that time, member states have been required tmdate agri-environmental measures
throughout their land; with the aim to limit risks the environment and promote
biodiversity and preserve cultural landscap@&U expenditure on agri-environment
measures for 2007 - 2013 amounts to nearly €2@bi{European Commission 2014)
and in England agri-environmental spending is 490 million per year (Natural
England 2014).

Nevertheless, governments are not the only ageterested in purchasing ecosystem
services. It is increasingly recognised that riskg¢he environment create risks to
business; either directly—through the reliance oonsgstem services as inputs to
production—or indirectly—through markets or supgiains (TEEB 2012). While for
many in the private sector opposition remains &dbncept of paying for something
that they have not paid for before, for others éhisr the realisation of potential
business benefits. Some private sector companies digect incentives to protect a
natural business input; for example, Vittel in FrarfPerrot-Maitre 2006) and water
companies such as Wessex Water, United Utilities South West Water in the UK
(Defra 2013). Other private sector companies maynbee interested in offsetting
some of their environmentally damaging activitieg flying for improvements

elsewhere through carbon offsetting or biodiversftgetting. Still other private sector

2 Member states are required to implement the Eampegulations into Rural Development
Programmes and they are currently drawing up n@grammes to begin in 2015 with the previous
programmes having ended orf'¥lecember 2013.

3 The Rural Development Programmes in 2015 will &selol on the latest regulation (Regulation (EU)
1305/2013) which repeals (Regulation (EC) 1698/2005
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companies or NGOs may be interested in eco-catifin or labelling to improve

brand image. Whatever the motivation, it is cléat funding from sources other than
governments has the potential to increase further grocurement of ecosystem
services and thus the justification for exploringltiple purchaser PES schemes

becomes stronger.

In Chapter 2 we explore multiple-purchaser PES meseby focusing on the issue of
spatial coordination on the demand side of the ptatkat is to say, the question of
which beneficiary buys land-management changeshachwand parcels. Introducing
multiple buyers adds complexity to finding optimspatial patterns of land-use,
moreover, it introduces unique problems such asxppities for free-riding on other
investment§ We start with a simple motivating example, inttiva assume that while
all buyers may be interested in incentivising thme type of land-management change
(for example, reducing the intensity of agricultuagtivity or taking land out of
production altogether), it is not necessarily thsecthat each would choose for those
changes to be sited in the same locations. As ampbe, imagine the differing spatial
preferences for a water company interested in gafgn land-management changes
on land that is likely to lead to water quality irmpements (for example, land close to
water courses or land with direct drainage intoewatourses); and a biodiversity
buyer, for example the government, who might besredgted in creating large
contiguous areas of habitat by paying for land-rgan@ent changes on land close to
established reserves, following the principlesosgtin the Lawton report (Lawton, et
al. 2010). The first key contribution of Chaptes2o develop a general framework of

methods that can incorporate the spatial purchasegsion of multiple PES buyers.

The framework needs to be capable of incorporatiffgrent buyers’ objectives, for
example objectives for different ecosystem senleeefits, and include different
constraints on those objectives. In addition wedneemodel how the buyers might
come together in a PES purchasing institution. ddahét we develop four example
decision making institutions: in the first the btg/@re independent and make their
decisions simultaneously and without regard foratigons of the other buyer; in the
second the buyers are independent and make thasiate sequentially where the

second buyer to decide is aware of the first bisypurchasing decisions; in the third

4 Multiple buyers can also lead to the issue ofusitin, however this is not studied in this thesis.
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the buyers make their buying decisions strategicadl the outcome of a process of
negotiation; in the fourth the buyers make theaisiens cooperatively.

The framework of methods developed to model theeBsylecision making allows us
to identify situations in which we might expect altiple purchaser PES scheme to be
practical—this is the second key contribution obter 2. To compare the solutions
from the four decision making institutions (outiihebove) we use the concept of
Pareto efficiency, that is solutions that can make buyer better off without making
another buyer worse off. We explore multiple pusghaPES institutions in two
simulation environments. In the first simulation wievestigate the effect that
correlation in the production of ecosystem servibas on the efficiency for the
multiple buyers using our four PES purchasing fagtins. In the second simulation
we investigate a more complex and perhaps mornstieaituation, in which we model
a catchment landscape comprising agricultural [zardels and a river system. In that
simulation we imagine two buyers, one (a wateritpblyer) whose benefits rely on
the spatial heterogeneity of the landscape—siteseclto the river were more
beneficial to a water quality buyer—and anothdrialiversity buyer) whose benefits
rely on the spatial interdependency and configanatf the landscape—connected
habitats provide more benefits to the biodiversityer. Modelling a buyer with spatial
interdependency in their benefits necessarily eseatnon-linear problem, we show
how our framework of methods is capable of creaBotytions even for spatially
interdependent benefits by forming a linearisedsiogr of the buyer’'s decision

problem.

The two simulation environments show how the gdrieamework of methods can be
used to assess the opportunities for realisingt®argroving outcomes through a
PES scheme when multiple independent groups stanemefit from changing
landowners’ land-management practices. In additioe,method we develop allows
us to identify optimal patterns of land use acrasspatial landscape, potentially
providing a useful tool for both ecosystem servioagers and policy makers—this is
the third key contribution of Chapter 2. The demismaking problems of the buyers
are modelled in such a way as to be solvable ealiimteger programming methods
allowing for exact optimal solutions to be foundeova reasonably large and
heterogeneous landscape.
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In Chapter 3, we design a novel economic experimenéxamine the potential
workings of a negotiated multiple-purchaser ecasystervice scheme.

The motivation for this chapter stems primarilynfr@a collaborative project between
the University of East Anglia, South West Water frAgand Westcountry Rivers
Trust. The report, Day and Couldrick (2013), shoavgilot ecosystem service
procurement scheme conducted in the River Fowegshoant area. The scheme
distributed funds for capital investment on farmmsrhprove water quality and was
funded by South West Water's Upstream Thinkingdtiite. It explores and contrasts
a negotiated scheme (‘advisor-led mechanism’) wittompetitive reverse auction.
The authors conclude that the advisor-led mechanismhich farm advisors go out
to visit and negotiate directly with farmers, issexmended for small scale schemes,
where the farm advisors have good local knowledgd known target farms are likely
to yield positive outcomes. In contrast, competitiauction mechanisms are

recommended for large scale schemes where thedhgee little local knowledge.

The procurement of ecosystem services is posdinugh a number of different
mechanisms, such as fixed price mechanisms, cotmpdiidding or negotiation. The
choice of mechanism for PES schemes will depentherspecific circumstances of
any particular scheme. The most appropriate meshmann some situations, such as
when the number of bidders is high, may be a comneebidding scheme, in other
situations, such as when the details are partigutamplex, a negotiated scheme may
be recommended (Bajari and Tadelis 2001; Bajaal.2009). Since the exchanges
transacted in PES schemes are often complex, atigatbetween buyers and sellers
may play an important role in certain PES mechasjsacordingly, our experimental
investigation focuses on an exchange process tideti through the multilateral

bargaining of buyers and sellers.

Bilateral negotiated ecosystem service procurerseimtmes have been successfully
implemented both in real world schemes, PerrieteVi{Perrot-Maitre 2006) and
United Utilities UK (Smith, et al. 2013), and inblaratory experiments (Bruce and
Clark 2010b,2012). In Chapter 3 of this thesis ewtend the literature on negotiation
as an ecosystem service procurement mechanism byngndeyond bilateral
negotiation to consider multilateral negotiatiomorder to provide clarity and also to

keep the experiment computationally manageabléhéparticipants, our experiments
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involve just three parties to those negotiations-e-twyers and one seller. The two
potential buyers can negotiate not only betweei @dlcer but also with a seller of
ecosystem services to reach a mutually beneficitdamne. The aim of Chapter 3 is
therefore to gather insights as to whether negmtiatultiple purchaser PES schemes
might be achievable and to explore the factors islgaghe division of gains from

negotiations between multiple purchasers and sdahesuch a scheme.

The experiments are structured as non-cooperaligmating bargaining, in which
two buyers alternate in proposing how much eaclebslyould pay and therefore also
how much the seller receives should a deal be dgtiee seller acts as a veto player,
able to reject any unsatisfactory deal. If negmtreg fail then each participant receives
their default payment, for the buyers this is corapke to purchasing their next best
alternative, for the seller it is comparable toeiemg their normal income. The
experiment is conducted over a maximum of 15 rowddsegotiation, although each
time a participant rejects an offer there is amaasing risk (presented clearly to the

participants) that negotiations will fail and thiere no deal will be agreed.

We use this experimental framework to investigateimber of complexities of the
negotiating environment that might typically arisea PES scheme. First, the degree
to which the buyers offer (and the seller accegmsdmount over and above the sellers
costs. By including a seller in the negotiationqa®s, buyers not only have to negotiate
between themselves regarding how much each migtiticote but they must also
ensure that that offer is satisfactory for the esellSecond, the degree to which
asymmetry in the gairenjoyed by the two buyers from a successful tretimaaffects
the outcome of negotiations. Here we imagine thatlmyer would benefit more from
a PES scheme being implemented. Third, the degnebhithasymmetry in the income
of the two buyers (irrespective of their gains frira transaction) affects the outcome
of negotiations. Here we imagine that one buyeihtrii@ a large, wealthy organisation
and that the relatively less wealthy buyer might@e inclined to free ride on the
wealthy buyer’s contribution to the PES schemerthplnow negotiations differ under
conditions ofincomplete informationHere we imagine that differences in knowledge
exist between the buyers and sellers, for exaniy@eséller may know the costs for
supplying the environmental output but the buyerghtn not. Finally, how
negotiations evolve when the benefits enjoyed leytilnyers from the transaction are

not known for sure but agochasticdn nature. Here we imagine that the buyers are
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paying for the seller to undertake an action amdetore they are not entirely certain
of the actual environmental output that will be guoed, this could be due to
unpredictable phenomenon such as weather patfEnisis a common situation for
PES schemes but has received relatively littlentitie in the experimental economics
literature. Chapter 3 explores these five issudkimvbur experimental design to not
only establish whether participants can succegshdbotiate multilateral agreements
in such a purchasing setting but also to explor& Hwe gains from successfully-
negotiated exchanges are partitioned both betweermptrchasers and between the

purchasers and sellers.
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CHAPTER 1

UNCERTAINTY AND ELICITATION ANOMALIES IN CONTINGENT VALUATION . AN

ANALYSIS USING A STATE -DEPENDENT SEMIPARAMETRIC ESTIMATOR
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1.1. Introduction

Economic research often proceeds under the assumpiiiat individuals hold
precisely-defined preferences over all bundlesosfisamption goods. It is not at all
evident however, that this is the case; evidenggests that individuals’ valuations,
even for familiar market goods, are uncertain (Rosd.971; Heiman, et al. 2001; Jin,
et al. 2005). The existence of uncertainty in peiees is also evident in various
market institutions; for example, in the money-bagtiarantees offered by retailers
that allow customers the opportunity to try the djoo their daily routine before
deciding whether to keep or return it and also @nosid-hand markets that allow
customers to sell unwanted or bad fitting itemse Valuation of non-market goods is
often additionally complex in that it is unlikehhdt individuals will have ever
previously considered the trade-off between theipion of those goods and money.
Moreover, it is rarely the case that individuals sufficiently well-informed regarding
the benefits of such goods that they could hopexfwess the value in some single
willingness-to-pay (WTP) amount.

Typically, however, attempts to estimate WTP fonmoarket goods using contingent
valuation (CV) make no adjustment for uncertaimtgspite evidence to the contrary
(Kahneman and Knetsch 1992; Dubourg, et al. 1984dR et al. 1995; Champ, et al.
1997; Dubourg, et al. 1997; Wang 1997; van Koo#tral. 2001; Ariely, et al. 2003;

Akter, et al. 2008; Hanley, et al. 2009). The ploiity exists, therefore, that subjects
with uncertain preferences may provide unanticghgtEtterns of response to standard
CV questions. Likewise, analysts wrongly assumiegainty in preferences, may

interpret those responses incorrectly; for examplegonstruing CV responses as

providing evidence of so-called elicitation anorasli

The central purpose of this paper is to investigageclaim made by numerous authors,
(Ready, et al. 1995; Welsh and Poe 1998; Readl, €001; Flachaire and Hollard
2007) that commonly observed elicitation anomaheSV—for example, differences
in WTP between open ended (OE) and dichotomousceh@C) formats, and
differences in WTP according to the initial bidsrepeated DC formats—arise as a

result of asking individuals with uncertain prefeces to express their value as if those
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preferences were precisely-defiRe@ertainly, the possibility exists that subjectthw
uncertain preferences may provide unanticipatet:pest of response when presented

with standard CV questions.

In Section 1.2 we discuss the rationale behind esiimns that uncertainty could
explain anomalies in CV; specifically, we look heteffect of requiring individuals
with uncertain preferences to answer CV questiorsdertain or precise manner. The
fundamental position underpinning this argumerthét individuals, in the presence
of uncertainty, may adopt contrasting heuristicamswering CV questions posed in

different ways. The first objective of this chapieto assess this hypothesis.

To assess the hypothesis we require a CV eliatagochnique which allows for the
expression of uncertainty. One such method thatdessh widely applied is the
multiple bounded discrete choi¢®IBDC)® method (Welsh and Bishop 1993; Welsh
and Poe 1998; Alberini, et al. 2003; Evans, €2@03; Vossler, et al. 2004; Kobayashi,
et al. 2010). The MBDC method presents respondetiisan ordered list of bidsFor
each bid, respondents report on a certainty sbale likelihood of being willing to
pay that amount. Accordingly, the MBDC method twyllig presents respondents with

a multiple-bounded choice across bid amounts, sterdi with the payment card

5 Another possible explanation for the observedtelicin anomalies is that there is something
specific about the CV method that fails to encoaragspondents to accurately or truthfully reveal
their preferences. Research has focused on théhdeeaertain formats of CV elicitation encourage
strategic (Carson et al., (2001) or ill-consideresponses (Poe and Vossler (2009), Hutchinson et al
(2007).

& Themultiple bounded discrete choiogethod is also known as thaultiple bounded uncertainty
choicemethod.

" There is mixed evidence that the MBDC method mseffitead to elicitation anomalies. Vossler et
al. (2004) assess the MBDC method for bid desifgtes; specifically, three arrays of bids were edri
according to how many high (or low) bids were imtgdd, with the maximum and minimum bid kept
constant throughout all three arrays. They foundstatistical difference between the WTP values
elicited from the three samples. Dubourg et al9fd%nd Roach et al. (2002) in similar analyses had
differing maximum bids in their bid arrays and dfieally tested for range effects; they both fouhelt
groups offered a bid array with a higher maximurugaad significantly higher WTP estimates. This

contrary evidence raises doubt about the procedwratiance properties of the MBDC method.
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method, combined with a polychotomous choice from a scdleertainty ranging
from definitely yes to definitely no. An alternagius the payment ladder approach
from Hanley et al. (2009), as in the MBDC methoedytipresent respondents with a
multiple-bounded choice across bid amounts but yu#t two choices: “I would
definitely pay that amount” and “I would definiteNOT pay that amount”. For each
respondent, both the MBDC elicitation method arel payment card method from
Hanley et al. (2009) provide data recording a rasfgalues for which that respondent
is certain they would pay, we label this tiegtainty rangeand a range of values over
which they are certain they would not pay. Betwidmse two there may exist a range
of values over which they are uncertain—we labisl tiheuncertainty rang&

In this study respondents undertake a single valuaxercise split into three tasks,
the final stage of that exercise is an MBDC tasigrpto this the respondents are
allocated to certain treatment groups, those treatrgroups each receive either a
single-bounded DC question or an OE question wiitlgraups then answering a
follow-up question on their certainty. If, as haseh hypothesised, the respondents
underlying preferences are uncertain and procdguralariant then the particular
treatment group in which the respondent is assigsieould not influence the
uncertainty ranges expressed in the MBDC part@#ttercise. Of course, individual
uncertainty ranges are likely to vary due to indinal characteristics such as their
experience of the good in question (Ackerberg 280@ Czajkowski et al. 2015) but
on average those differences should be random@edsathe treatments. To analyse
the procedural invariance of the respondents’ uan#y ranges we measure the
uncertainty range over two key parameters: locamhwidth. We denote the location
as how far up the WTP scale the uncertainty rasgand the width as the size (or

precision) of the uncertainty range.

8 The payment card method allows respondents te 8tatmaximum bid they would be willing to
pay, this can be expanded to thaltiple-boundedormat. In the multiple bounded format the
respondent answers the question “would you bengilto pay?” for each of tHebid amounts. If
implemented with a “yes”/"no” response to each thiel method reveals the interval within which the
WTP exists. Welsh and Bishop (1993) took the midtimunded format and incorporated
polychotomous responses in each ofkiséd amounts to give the multiple bounded discobigice
method.

% Referred to as the “value gap” in Hanley et ab0@).
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The second objective of this chapter is to expboreew method for the econometric
analysis of CV data with an uncertainty range. Wiiile analysis of MBDC data has
grown in sophistication, previous attempts at maagkuch data have all been based
on strong parametric assumptions; for example, WESRy; Alberini, et al. 2003;

Evans, et al. 2003; Kobayashi, et al. 2012. We ggephe use of a radically different
semiparametric estimator based on the multi-statatibn models used in the medical
statistics literature (Commenges 2002; FrydmanSaatek 2009). The estimator we
describe is a three-state duration-dependent Markodel which allows us to

simultaneously explore how the width and locatidnttee uncertainty range are

influenced by different treatments. As far as weaware this is the first time that this

form of multiple-state duration modelling has besed in economic analysis.

The chapter is organised as follows. In SectionwleZexpand on the argument that
uncertainty might explain elicitation anomalie<ON data, review previous empirical
evidence in this area of study, and develop thérakehypothesis of the research. In
Section 1.3 we review the literature on methods donalysing CV data with an
uncertainty range, specifically from MBDC surveys)d justify using our semi-
parametric estimator. In Section 1.4 we outline g&mi-parametric estimator which
is used to analyse the invariance of the unceptaartges to external cues. In Section
1.5 we describe the design of a CV survey experimieveloped to explore the central
hypothesis of uncertainty as an explanation oftaion anomalies in CV surveys. In
Section 1.6 and 1.7 we present the results of oymirecal analysis and consider the
implications of our findings and Section 1.8 cowlgds and presents some closing

remarks.

1.2. Uncertainty as an explanation of elicitation maomalies in CV

It has been hypothesised that the underlying uaiceytin individuals’ preferences
may explain elicitation anomalies in CV studies §B¢ et al. 2001; Flachaire and
Hollard 2007). In this chapter, we focus specificalin two such anomalies: the

divergence in values between OE and DC elicitati@thods and starting point bt&s

10 Here we focus on the OE-DC disparity and starioipt bias but other elicitation anomalies have
plausible explanations through the lens of uncenaeferences: for example, the disparity between
WTP and WTA (Dubourg et al., 1994; Horowitz and Mec@ell 2002). Elicitation anomalies could
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It is well established in the literature that DCthuels of elicitation invariably report
higher estimates of WTP when contrasted with OEhoud of elicitation (Boyle, et
al. 1996; Brown, et al. 1996; Ready, et al. 19%6humber of authors have argued
that uncertainty is an explanation for that obseova(Ready, et al. 1995; Welsh and
Poe 1998; Ready, et al. 2001; Flachaire and Holk@d7). At the core of those
arguments is the conjecture that in the presencencédrtainty, respondents interpret
OE and DC questions very differently. In particulahen faced with an OE question
respondents are believed to report a value thgtarereasonably certain they would
pay. In contrast, when presented with a DC questitering a bid amount in their
range of uncertainty, respondents are believeddctias if the question is asking them
whether there is some possibility they would pagttamount. In the words of
Flachaire and Hollard (2007)anomalies come from the fact that, when uncertain,
respondents tend to answer yes. Indeed, if thédlohgs to his range of acceptable
values, a respondent answers yes(p’ 192). Ready et al. (2001) report empirical
findings that support that assertion. In their ddtay observe that the norm response
for respondents that are unsure is to say “yes’nwdueswering DC questions. In
contrast, when answering an OE question respondeglhtend to state that they are

not prepared to pay that amount.

To illustrate, imagine an individual with the unizén preferences shown in Figure 1.1
At values below £Y on the WTP scale, the individual is certain sheilw@ay; at

values between £Uand £U' the individual is uncertain about paying (uncertyi

range), and finally, at values above£the individual is certain she would not pay.
When asked to state WTP in an OE valuation taskdiRet al. (2001) predict the
respondents will answer towards the lower end @ff timcertainty range. On the other
hand, if the respondent had instead been offeil@@ &rmat question and presented

with a bid amount within their uncertainty range tespondent would tend to say yes.

be explained through respondents with uncertaifepraces answering questions in the former frame

in a risk averse manner and questions in the latare in a risk seeking manner.
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UNCERTAINTY RANGE wouldn't pay
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£0 £Ut £UH £0
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Certain would pay

.
>

Figure 1.1. WTP Scale showing the uncertainty rangand the predictions of

answering different elicitation methods when the repondent is uncertain.

The central tenet of the Ready et al. (2001) cduafeds that elicitation anomalies are
observed because individuals use different heosist deal with their uncertainty in
responding to OE as compared to DC format questidms variance in WTP from the
two elicitation methods may therefore be explairsgaply by allowing for the

possibility of uncertain preferences.

A second common elicitation anomalysigrting point biascommonly observed in
CV studies which ask a series of DC questions. delyidocumented result is that the
bid value offered in the first DC question systenaly influences the response to
subsequent valuation questions. While several plesskplanations for starting point
bias have been proposéd plausible possibility is that this too arisesii preference
uncertainty in which respondents adopt a simpldyeuristic.

11 A number of interpretations have been proposed agcdhe initial value signalling the cost or
alternatively acting as an anchor (McFadden 19@4grriges and Shogren 1996); Bateman et al.,
(2009); (Flachaire and Hollard 2007). The genexalanation for anchoring is that the initial value
creates the possibility, at least momentarily, thatvaluation being estimated is near to theahiti
value. It was famously shown in Tversky and Kahnefi®74) work in which respondents’ answers
on the subject of the number of African countrieshie United Nations were significantly relatedato
number randomly generated in front of the respotaden a spinning wheel from 1 to 100. Anchors
are particularly prevalent in situations when therse of the anchor is perceived as knowledgeable
and trustworthy and the recipient is low in knovgedKahneman and Tversky 1982; Vanexel, et al.
2006). The situation described is very common insdidies as the respondent has very little
experience of the good or may be very uncertatheif WTP and could see the source of the bid as

an ‘expert’.
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To illustrate, imagine two individuals with iderdicbut uncertain preferences shown
in Figure 1.2. One individual is initially offereal low bid, denoteds;, and one is
offered a high bid denotegl's. B-1 is comfortably within the certain would pay range
and so the individual would answees they would pay. ConverselyB™; is
comfortably within the certain would not pay rangred so that individual would
answemo. Both individuals are then asked a second valoajieestion for the same
valueB; which is within their uncertainty ranges. Obsetivat the individual initially
offered B'; is coming from a state afertainly would payto a state of uncertainty;
whereas the individual initially offere®’; is coming from a state c&rtainly wouldn’t
pay to uncertainty. For the individual coming up fréohe low bid, a natural reaction
might be to reason that, ‘I was previously certiamould pay and so answergés
Now | am not certain that | would pay so to sigiat change in state I'll answeo'.
The reverse is true for the other individual, hgyimeviously answered with certainty
that they would not pay the high bid amount a waysignal that there is now a
possibility they might pay would be to answas In other words, by adopting a
simplifying heuristic to deal with their changedertainty the individuals may want to
express thaB puts them in a different state of certainty byarsing their answers to
the initial question.

Certain would pay Certain,
UNCERTAINTY RANGE wouldn’t pay
| | I | T | I
L H
£ [g., £U 5 £U )
“Wog! me——) “NO” Yes” c——— ‘N O”

Figure 1.2. WTP scale showing the uncertainty rangand the predictions of

answering iterative CV questions when the respondeins uncertain.

Again the conjecture is that starting point biasn@ the consequence of shifting
preferences; but that respondents interpret DCtigussdifferently when moving to a
state of uncertainty from different ‘directions’ngwers to the follow up question are
therefore dependent upon which state they wereewvigusly. An important prediction
resulting from this hypothesis is that individugtseéferences do not change but they
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express the transition from a state of certaingystate of uncertainty in their responses
to multiple DC elicitation questions.

As we have shown, both the DC-OE anomaly and stagoint bias might plausibly
be explained through uncertain preferences. Thepkegiction of that explanation is
that the elicitation procedure does not shift atbtime underlying preferences but
instead the elicitation procedure might lead reslgois to express those preferences
differently in the presence of uncertainty. Thisagter tests for such patterns by
eliciting uncertainty ranges using the MBDC metlod observing if value-irrelevant
details of the elicitation procedure lead to vaoiain the uncertainty ranges. If we can
show that the responses from the MBDC method as&riegnt to external cues in the
elicitation procedure, then this would provide tparticularly useful results. It would
not only add support for using the MBDC methodlees ¢ore method in CV survey
design, but in addition, it would provide strongd®mnce to support the hypothesis that
common CV elicitation anomalies can be explainedibgertain preferences. If the
expectation of preferences that are uncertain lad procedurally invariant is
supported by our data, then the prognosis for en€thod is rather encouraging; by
allowing for the possibility of uncertainty, CV nmetds can elicit preferences that

conform to many of the expectations of standarcheouc theory.

1.3. Modelling CV data with uncertainty ranges

Here, we review the current modelling techniquesdus analyse uncertain response
data in CV studies. The common assumption is thdividuals do not hold fixed
values for environmental goods and services, raimeindividual’'s valuey;, is
considered to be a random variable with a contisymabability density function,
gi(v;). Figure 1.3 depicts a hypothetical individual \aian probability density
function, with mearf (v;), certainty thresholds; ands, and the difference between
E(v;) ands; ands, denoted by;; andb; respectively. The certainty thresholds are
defined here as the WTP value at which respondasiteh their state of certainty
about paying for a particular bid. Two thresholds @f particular importance for this

discussion, the threshold in which respondents\6fi&thods switch from a state of
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‘certainly would pay’ to a state of ‘uncertaintyhé the threshold from a state of
‘uncertainty’ to a state of ‘certainly would notypa?

Definitely yes Not sure Definitely no
(Uncertainty range)

1 E[Vi] 2

Figure 1.3. Random valuation model for an individudis probability density

function with certainty thresholds and response cagories®?

Wang (1997) first introduced a method of modellungcertain responses to CV
surveys in his random valuation model. The rand@uation model posits that a
respondent answers “yes” only if their value isfisigéntly large relative to the bid
amountE (v;) — a; > bid; “no” only if their value is sufficiently small tative to the
bid, E(v;) + b; < bid; and “not sure” if their value lies in betwedi(v;) — a; <
bid < E(v;) + b;. For other response categories used in MBDC ssrv&ych as
probably yes or probably no, similar boundary egpi@ns are derived in Alberini et

al. (2003) who adapt the Wang (1997) model to ibelfive response categories.

12 Traditionally in MBDC studies there are four threkts, one that separates definitely yes from
probably yes (PY), one from PY to not sure (NSk éiom NS to probably no (PN) and one from PN
to definitely would not pay; for simplicity we asae PY, NS and PN are contained within the

uncertainty range.

3 Increased knowledge or experience of the goa#tedylto reduce the width (& b) of the
individual's uncertainty range, in addition, a charn income could shift the location of the

uncertainty range (Ackerberg 2003 and Czajkowski.e2015).
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Both Wang (1997) and Alberini et al. (2003) lookgtin inference on the population
distribution ofE (v;) using the random valuation model. However, doimg@mes at
the cost of imposing restrictive assumptions onldleation of E(v;) relative to the
certainty thresholds, since underlying the randaination model is an ordered Probit
model. The ordered Probit model produces one lsimae coefficient than the
number of parameters in the model, as such, omgifidation restriction is required.
One such restriction imposed by Wang (1997) andesointhe sub-models in Alberini
et al. (2003) is symmetry arouidv;). This assumption restricE{v;) to lie precisely
between the thresholds ands, such thata; = —b;. An alternative restriction is to
set a/b equal to a constant. Both restrictions impose @ssumption that all
respondents have the same relationship betweetotation of E(v;) and their

certainty thresholds.

An alternative method of modelling uncertain resggmto CV is the probability based
estimator used in Evans et al. (2003). They usehmdggical studies to justify the
mapping of categorical MBDC responses to certairvigal probabilities. For
example, imagine a respondent who states they gmglwould pay” when presented
with a bid. The probability based estimator attgotertain probabilities with various
verbal probability terms, so the interpretationttod term “probable” (that the event
occurs) could be 0.75; therefore, the probabiht responderits, valuev, lies above
that bid isPr(v; > bid) = 0.75 for any respondent. As noted by Hanley.€2809),
the polychotomous choices in the MDBC method relytlee researcher interpreting
how different respondents consider terms such@bgble” and “likely”, models such
as Evans et al. (2003) effectively assume thatslbondents interpret these terms in
the same way. Given the wide variety of unobsefeecks that have the potential to
affect an individual's valuation density functionseems unlikely that they would
share common factors across individuals such asahme density families, let alone

identical probabilities.

Finally, Kobayashi et al. (2012) propose an altéveamethod, the Latent Threshold
Estimator. The estimator, rather than focusing len expectation of the underlying
individual valuation distribution, instead focusas the certainty thresholds. Each
threshold is modelled as a linear function and anadly distributed additive error

term. The authors state that the model parameteitd be estimated using maximum

likelihood techniques but instead use a Bayesiaprogeh highlighting the
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computational challenges of the applying maximukelihood techniques and the
small sample sizes. The Bayesian approach reqalirpsiors to be specified and the
authors use standard multivariate normal and iev&kshart priors. The Latent
Threshold Estimator models uncertain responsesvtaj@estions and can estimate
certainty threshold means and variances withoutireg restrictive assumptions to
the individual valuation distribution, as such, leaedividual valuation probability

density function has its own expectation and vaean

Our semiparametric estimator, similar to Kobayastal. (2012), models the certainty
thresholds that respondents change to differeetdesf certainty about paying for the
good. By analysing thresholds instead of the exgtiect of the valuation distribution

both models can assess correlation between thehsvidt certainty ranges and
uncertainty ranges. For example, it may be the taserespondents with a narrow
certainty range will also have a relatively narn@amge of values over which they are
uncertain. Likewise, respondents that have a lagg&inty range may also have a
large uncertainty range. In Kobayashi et al. (2048 certainty thresholds are
modelled using normally distributed error termsr eatimator can be viewed as an
alternative to the Latent Threshold Estimator wilie parametric assumptions

removed.

1.4. A semiparametric estimator for uncertain WTP daa

A key contribution of this work is to propose aicadly different semiparametric
estimator based on the multi-state duration modskd in the medical statistics
literature (Commenges 2002; Frydman and Szarek)2@dgation modelling deals
with the statistical analysis of data recording&ito event’; most commonly, this is
time to death or illness in medical science, ametio failure in engineering, although
there are a wide variety of other uses (Klein aramesthberger 1997).

In the medical literature the objective is to explthe progressions of illness over time
and to identify durations spent in different stagean illness and how those durations
relate to each other. The estimator we descrilsemdar to the three-state duration-
dependent Markov model developed by Frydman (1965analyse data on the

progression of HIV/AIDS. In the context of uncendaVTP data the progression we

are interested in is across money amounts andghrstates of certainty. As illustrated
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in Figure 1.4, moving up money amounts respondeansition between three states,
certainly would pay, uncertain whether would payot, certainly would not pay.

Transition 1 Transition 2
State 1: Certainly _ _ State 3: Certainly
would pa State 2: Uncertainty range would not pay
| | | | | | >
£0 t; X; £

Figure 1.4. Three state duration dependent Markov pcess.

To construct our econometric model, we assumedhelh respondeni, knows the
highest amount they certainly would pay, an amaenlabelti, and the lowest amount
they certainly would not pay, an amount we lap€elhe gap between these two values
defines their uncertainty range, the width of whizchmoney amounts) we define as

w; such that; =ti + wi.

Accordingly, at the heart of our econometric maded calculation of the probability
of observing a respondent reporting intervals @f widtht; andwi. We write that

probability as

Pr[ti,wi] = Pr[ti] Pr[wl- I ti] (11)

Observe that we allow for the possibility that thiglth of the uncertainty range;

may be dependent on the width of the ‘certainly \d@ay’ intervalt;.

In the MBDC exercise respondents reveal informatontheir preferences over a

finely spaced grid defined by tiM bid points;

0=by <b; <b, < <by <byy; = ®

Accordingly, our data are discrete in nature idgimtg only the interval between bid
points in whicht; andx; fall. We shall refer to the bid interval betweed pointb,,,_4
andb,, asB,,. We assume that bids are equally spaced along/Tfe scale such that

each intervaB,, (m = 1,2, ...,M + 1) is of the same width.

Now imagine that individual indicates that they are certain they would payezc

the first n;; bid amounts. Subsequently, they report that theyia a state of
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uncertainty over the next;,, bid amounts. Accordingly, for all bid amounts,,
where m > n;; + n;,, they are certain they would not pay. For the psesoof
developing our estimator, we summarize that disalata using the following dummy

variables;

. 5{1- (G =12,..,M+1) is a set of dummy variables identifying the cefia
would pay range, wheﬁj = 1 if respondent stated that they certainly would

pay b; (such thatsj; =1 for all j =1,2,..,n; intervals) and§/; =0
otherwise.

. dfj (=12, ..,M+ 1) is adummy variable indicating the bid intervathin
whicht; must fall. It is identified as the bid intervatefthe highest bid amount

that respondentindicated they certainly would pay.

The notation is a little different for the stateurfcertainty. In particular, we are now
concerned with the number of bid intervals overchia respondent reports a state of
uncertainty, while, for the time being we ignore fact that individuals may enter this
state at different bid levels. For the purposdariity we usek to index the uncertainty
range, wherek = 1,2,...,K and K is the greatest number of bid intervals in the

uncertainty range observed in the data. Accordingly

e Oy (k=1.2,..,K) is a set of dummy variables identifying the unaieitty
range, wheré;;, = 1 if respondent stated that they were uncertain (such that
n =1forallk =1,2,...,n;, intervals) andy};, = 0 otherwise.
e dj(k=1,2,..,K) is a dummy variable indicating the bid intervalthin
whichw; must fall. It is identified as the first bid inted before the bid amount

that respondentindicated they certainly would not pay.

The Model:

Our model adopts the maximally flexible parametdiis of Pr[t;] in which a set of
parametersp;(j = 1,2,..,M + 1) are estimated that capture the probability of

respondent having a certainly would pay range that ends teriralj. Accordingly;

Pr(t;] = npjditf (1.2)
j
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Following Frydman (1995), we parameteriBe[w;], that is the probability that
respondent has an uncertainty range of width, using the hazard function. In

particular, we specify the hazard function using lthgistic form;

Ak eﬁti

W (k = 1,2, ,K) (13)

hy (&) =
Whereh;, = hy/(t;) represents the probability that respondetransitions from a
state of uncertainty to a state of ‘certainly wouldt pay’ afterk intervals of
uncertainty. Observe that the hazard is expresgbadwaximal flexibility through the
estimation of a set of parametdis(k = 1, 2, ..., K) that define the baseline hazard.
At the same time, we allow for the width of thetstaf ‘certainly would pay’t;, to
influence the hazard through the param¢teiFor example, with a positivg the
hazard is increasing with), in other words, longer ranges of certainly wop&y are
associated with shorter ranges of uncertainty. €mely, with a negativg the hazard
is decreasing witht;, in other words, longer ranges of certainly woplay are
associated with longer ranges of uncertainty. Fd@n3) and the earlier dummy

variable definitions we derive;

K K
Priw; | t;] = 1_[ hikd}% 1_[(1 — hyo)Sik (1.4
k=1 k=1

From (1.1), (1.2) and (1.4) we obtain the loglikeldd;

N
InL(p, A, B) = Z Zdi]-t Inp,
i=1 |
K

£ ) T In(ha) + 83" In(1 = hy)]

k=1

(1.5)

Wherep = [plpz ...pM],/l = [1.1/12 "'AK]

14 The hazard function is defined as the ratio ofitfwbability density functio® (x) to the survival
functionS(x), h(x) = %; thereforeP (x) may be obtained by multiplying the hazard functiyrthe
survival function,P(x) = h(x) * S(x).
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Maximising (1.5) with respect t(p, 4, £), subject to the following constraints; >
0(j=12,...M+1), ¥pj=1,4 =20 (k=1.2,..,K), results in the following
estimating equations (derived in Appendix Al);

n.
p; = Nf G=12..,M+1) (1.6)

Z a4 Z REdY + 8Y) =12, ., K (1.7)
N K N K
Do) (1= k) = Y 6 Slihy () (18)
i=1 k=1

i=1 k=1

Wheren; is the number of respondents witm the intervaj andN is the total sample
size. Notice that in this specification we have lased form solution for
p;(j=12,..,M + 1), but not for thet,’s andf. To estimate those parameters we
use the self-consistency algorithm suggested bgriay (1995). The algorithm steps

are as follows,

0. Calculatep; from (1.6)

1. Choose initial valuest, (k =1,2,..,K) and B, which we denote
A (k=1,2,..,K) andB°, where the superscript 0 indicates the initial
iteration of the algorithm.

2. Calculate new values fay, (k = 1,2, ..., K), which we denot@d;,, where
s indexes the iteration of the algorithm such thahe first iteratiors =
1. From (1.7) we obtain the estimating equation i¢ger in appendix
Al);

B ny

B S| e Cdu® + 65" ] (=12 10 (1.9)

A

Wheren,." is the number of people who fail in a particulatervalr (such
that,n,” = ¥V, d;," (r=1.2,..,K)).

3. Calculate new value fg8® from (1.8). Accordingly, one has to solve a

non-linear equation. To do so we apply the Newtapi®on method
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where convergence is achieved when the chang#’ ifalls below a
certain threshold.
4. Stop when|i; — A5t < eand |B° — B571| < &, otherwise return to

step 2 and iterate.

As demonstrated by Frydman (1995) the self-condistgorithm returns maximum

likelihood estimates of the parameters of the model

1.5. Experimental design

Survey respondents in our experiment each facatbaton exercise made up of three
tasks, see Figure 1.5 for the progression of tekstaln Task 1 respondents were
randomly allocated by an unseen process into oegybf treatment groups, seven of
the eight groups received a single bounded DC gureat a specific bid level and the
other group received an OE question. The DC biduertsowere chosen according to
two criteria: that they represented reasonableesatuggested by prior focus group
testing, and that they produced results which cteldinambiguously tested against
our hypotheses. Accordingly, five DC bid levels &8, £30, £60, £100 and £150
provide a range of bid levels which vary in termhghe absolute value; in addition, the
original survey included two bid levels that weesidined to test if respondents answer
CV questions differently because the bid levelsrarteround numbers. The effect of
this spurious accuracy in the bid levels on CV oeses is not explored in this chapter
but the two additional treatment groups of £28.7Wd £31.30 are included in the
subsequent analyses where appropriate.

Three-step valuation exercise

Open Ended
START Follow .I_Tp o MBDC .
Uncertainty _| Elicit Uncertainty
Random allocation Question Ranges
Dichotomous
Choice

Figure 1.5. The valuation exercise.
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Task 2 and Task 3 were completed by all respondeg@rdless of their treatment
group. Following the procedure of Li and Mattss@895) and Ready et al. (2001),
Task 2 presented respondents with a follow-up dguestat required them to state the
level of certainty they attached to their DC or @iswer from task 1. Five responses

were available:

» | definitelywould pay the amount of money.

* | probablywould pay the amount of money.

e | amnot sureif | would pay this amount of money.
* | probablywould notpay the amount of money.

» | definitelywould notpay the amount of money.

Task 3 uses a novel version of the MBDC methtml establish the values over which

respondents are certain and uncertain. The stafolandt of an MBDC question is to

15 Our MBDC task was undertaken as follows:

If definite in task 2: Just now you said that you would/(would not) pay.for the enlarged
beaches. I'll indicate your answer by placing & ticthe “Definitely Yes”/(“Definitely No”)

box next to that amount.

Now consider the higher/(lower) amounts on the (Bass list and clipboard to respondent).
Starting with £ ... (next highest/(lowest) amounthrivdown/(up) the list considering each
of these amounts in turn until you reach an amthattthere’s a possibility you would
not/(would) pay, however small. Again, looking la¢ tcard decide which category best

describes your response to that amount and tickahesponding box on the list.

Continue working down/(up) the amounts on the tisking one box for each amount. Stop

once you reach an amount that you definitely wawdt(would) pay.

If Not Sure/probably in task 2: Just now you said that you “probably would”/"uneeént
whether would”/“would not” pay £ ... for the enlargbdaches. I'll indicate your answer by

placing a tick in the “probably yes”/"'not sure”/dvably no” box next to that amount.

Now consider the next amount down on the listl Btilking at the card, if the amount was
(Enext highest amount) which of the categorieshenciard best describes your response to

that amount (tick in appropriate box next to amaumt/aluation sheet).

Work down the amounts on the list, ticking one farxeach amount. Stop once you reach an

amount that you Definitely Would Not Pay.

Now I'd like you work up the amounts on the lista@ing at (Enext lowest amount) tick one

box for each amount and stop once you reach an mrntivat you Definitely Would Pay.
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have five to ten bids in which the respondent stéteir certainty to paying these
bounds using the standard polychotomous choicemgtiln our application those
handful of bounds were replaced by a semi-contisuange of bids. The values on
the MBDC card ranged from £1 to £500, increasingEInincrements. The large
number of bids was presented over two pages whekbk shown to the respondents in

advancée® 17

It has been shown that the range of bids on a patyoaed can systematically influence
responses to MBDC questions (Dubourg, et al. 1B®ach, et al. 2002). Accordingly,
we held the range of bids constant for all respatsléMoreover, the traditional format
for MBDC questions is to space bids along a lobarit scale, for example, see Ready
et al. (2001) and Welsh and Poe (1998). As a resute precise information is
provided on the location of low WTP amounts tharhigh. In contrast, our design
using £1 increments across the whole range ofdndsires high precision regarding

the uncertainty range at all levels of WTP.

The MBDC data for each respondent reveals theirimax definitely would pay
amount, the value at which they transitionpimbably would paynot sure and
probably would nopay, and also a minimum value for thegfinitely would not pay
amount. We label the uncertainty range as the réeg@een the lower bound (the
maximum definitely would pay amount) and the uppeund (the minimum would
not pay amount). This method provides the exaa émthin £1) of respondents’
uncertainty ranges. Accordingly, we can test thesmertainty ranges for movement

in both location and width over the whole rangéidf in the MBDC design.

In the context of a carefully designed split-sameigeriment we aim to test the
hypothesis that it is the process of requiring vidiials to express values in CV
surveys as if they had well-defined certain prafees that leads to elicitation
anomalies. To test this we elicit uncertain CV mesges and test for invariance to the
nature of the elicitation procedure using three tests: (i) is the location of the
uncertainty range invariant to the absolute valud@ bid of a prior DC question; (ii)

is the width of the uncertainty range invariantte bid of a prior DC question; (iii)

16 The survey is included in Appendix A3.
17 The full MBDC payment card in shown in Appendix.A4
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are the location and the width of the uncertairapge invariant to whether the

respondent received a prior OE or DC question?

1.6. Implementation

Our specific case study concerns potential imprem@m in coastal protection
(extending the size of the beach through the ilagtah of more groynes) in the town
of Southwold in Suffolk, UK. The data was originattollected for use as part of
dissertation projects at the University of East Wangn 2004, the data has not
previously been published in any peer reviewed @@uPersonal interviews were
conducted by four interviewers at three locatidos&to areas that would receive the
additional coastal protection if the project weee go ahead. The proposal was
described by the interviewer who also presentegoregents with maps and visual
representations of the site before and after thestoaction of additional coastal
protection. Survey respondents were informed thatexisting defences would be
maintained by government funding but that additiomprovements would require

funding through an increase in general taxation.

Respondents were first asked questions regardiagréguency with which they
visited the beaches, as well as their reasonsisdmg and how far away they lived.
Subsequently, they were presented with the infaonabn the coastal-protection
proposal before proceeding to complete Task 1 (aneg either an OE or DC CV
guestion) and Task 2 (the uncertainty follow-up gjiom) of the value-elicitation
procedure. Task 3 (MBDC elicitation) began by idtroing respondents to the MDBC
card listing the bid levels from £1 to £500 andd¢bkedainty scale associated with each.
The interviewer then translated a respondent’s arswom Task 1 and Task 2 onto
the MBDC card. For example, if the respondent ansgvthat they were probably sure
(Task 2) they would pay £10 (Task 1) then the inéaver ticked that particular box
on the MBDC card. Respondents were asked to prdoeedthat point in completing
the MBDC card. If they were sure they would payt ih@ial amount then they were
asked to work up the card marking their certainggiast each amount until they
reached amount they were certain they would not phg reverse was true if they
were certain they would not pay the initial bid amb If a respondent was unsure as
to whether they would pay the initial bid amourdritthey were first asked to work up

the card to an amount they were certain they woatgay and then down the card to
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identify the highest amount they were certain theyld pay. The final part of the

survey elicited socio-economic details.

Individuals in the study were randomly allocate@ither an OE group or one of seven
DC treatment groups. The total sample was 952 resgds, of that 36 are classified
as unusable for the subsequent analysis undertakérs chapter. The exclusion of
observations is mainly due to incomplete MBDC tasks example, a number of
respondents only stated a single ‘not sure’ figamd no values for any of the other
polychotomous choice options. In addition to tlisespondents ticked that they were
certain they would pay all the way up to £500 (tipper limit of the payment card).
This data, although possibly very important foataV TP estimates in standard CV
analyses, fails to provide any information abow litcation or width of the range of
values to which the respondent is uncertain and gmored for the purposes of this
study. As such, the total usable sample was 9lgonekents, with the OE group
containing 272 respondents and the DC groups eawctaioing between 85 and 95

respondents.

Table 1.1 provides summary details of the socioesva composition of each
treatment group. As can be seen from the finalmaluno significant differences are
observable across socioeconomic characteristitereight treatments, suggesting

that the randomisation to treatment groups wa®laguccessful.

Test of
difference
in groups
(p-value)

Sample means (standard deviations for continuous viables)

Variable Open

£5 £28.7 £30 £31.3 £60 £100 £150
ended

Gender 060 063 055 052 059 052 066 047 0108
(1=Male)
0,
Employed% | o2 063 067 054 052 065 054 066 0.16G
(1 =yes)
Nature/green
group member 0.42 0.34 0.44 0.37 0.43 0.39 0.32 0.41 0.592
(1=yes)
Number of
deoplein | 282 264 279 269 251 291 272 282 ..
ey | @3 @3 @2 @y @y @y @1y @2
5296 5144 5206 5548 5403 53.77 5352 5333 .

Age (Years) | 145) (145) (123) (143) (145 (129 (150) (13.0)
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'Egg;“;g;r 2856 2626 2845 2600 2892 3122 2729 3122 . o
Eimontny | (1359 (1266) (1372) (1261) (1333) (1350) (1253) (1369)
Samplesize | 272 91 85 95 01 93 95 94 Tgﬁ -

Table 1.1. Comparison of descriptive statistics aoss samples.

ap-value calculated fromp?test of equality of proportions across multiplegps.

b p-value calculated from ANOVA F-test of equalityrmBans across multiple groups.

1.7. Results
Elicitation effects

A number of studies have reported that DC questigmerate larger WTP estimates
than OE questions, for a review see Brown et &96¢). Figure 1.6 demonstrates a
similar pattern in our results. OE responses amnsarised through the survivor
function of that data (calculated using the Kaglégier estimator) which plots the
percentage of respondents whose initial WTP (fr@sKTl) is greater than or equal to
each bid level used in the DC treatments. Equivalata for each DC treatment group
is plotted on the graph; in this case, each pbustrates the percentage of respondents
in a group stating they would pay the DC bid leVéhat is immediately evident from
Figure 1.6 is the fact that the implied distribuatiof values from the DC treatment
groups greatly exceeds that volunteered by ther@drment group. This observation
is confirmed statistically through a series of tsample proportional tests using the
Fisher-Exact methog{values 0.000 to 0.016) with the results reportethble 1.2.

1.0 7 A Dichotomous Choice
—— Open Ended

0.8
[2]
k=
qJ Fay
0.6 |
o]
(=8
[72]
®
=04
o a
X

0.2 a

FaY Fay
|
0.0 T T T
0 30 60 100 150
WTP £
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Figure 1.6. Empirical survivor function of OE treatment group and acceptance

rate for the DC treatment groups at discrete bid lgels.

. Original Recoded OE and Recoded DC
IS\I/ZI OE DC Fisher Exact CS OE CsDC Fisher Exact
(higher:lower) (yes:no) test (higher:lower) (yes:no) test
5 106:166 58:33 0.000 99:173 36:55 0.617
28.7 29:243 47:38 0.000 23:249 31:54 0.000
30 29:243 32:63 0.000 23:249 15:80 0.051
31.3 27:245 41:50 0.000 21:251 18:73 0.003
60 13:259 18:75 0.000 9:263 5:88 0.360
100 13:259 12:83 0.016 8:264 5:90 0.334
150 2:270 11:83 0.000 3:269 6:88 0.011

Table 1.2. Open Ended, Dichotomous Choice and Ceitdy Standardised
(CS) results with two sample proportional tests

Convergence of DC and OE after recoding to the seeniinty level

Now consider the hypothesis of Ready et al. (20@19 conjecture that respondents
process OE and DC questions differently in the fafogncertainty; in a DC setting a
respondent may state that they are willing to paig@mount lying in their uncertainty
range, but submit a WTP value from the bottom at tlange in response to an OE
guestion. We test that hypothesis by recoding tGeadd OE responses in Task 1.
Following Ready et al. (2001), if the respondertisaguently expressed a state of
certainty less than “definitely would pay” in Ta8kthen “yes” answers to Task 1 DC
questions are recoded to “no”. Ready et al. (2@0h}jrast their DC treatment with a
payment card elicitation method; they recode to“tedinitely would pay” level of
certainty by requiring those respondents who stdtaver level of certainty to point
to a number on the payment card that they defini@luld pay. In our survey, we did
not require our OE respondents to express a new epeed value, instead we
gathered equivalent information through the MBDCthod in Task 3. As such, for
those respondents in the OE treatment group whedsgacertainty level of less than
“definitely would pay” we recoded their value teethighest amount they indicated in

the MBDC method that they “definitely would pay”.

As illustrated in Figure 1.7 and reported in tabf2, once responses from the DC and

OE treatment groups have been standardised tod#fmitely would pay’ level of
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certainty a significant gap still remains betweeceptance rates for DC questions and
the survivor function for OE responses. A seriegointwise comparisons using
Fisher-exact proportion tests reveal statisticalnificant differences between the
two certainty-standardised data sets at WTP amafifi28.70, £31.30 and £150 with
marginally significant differences at £30. Contraoythe findings of Ready et al.
(2001) our data suggest that respondents to DQigns<ontinue to indicate higher
levels of WTP than respondents to OE even oncéetreds of certainty in responses

has been standardised.

1.07 & Dichotomous Choice Recoded
— Open Ended
o84 Open Ended Recoded
[42]
€
(]
T0.6 -
o
o
[7)]
il :
0.4
o]
R
0.2 1
l“““‘... Ay A
0.0 e \‘
0 150

Figure 1.7. Empirical Survivor function OE and DC responses after recoding to

“definitely would pay” level of certainty.

A second pattern of response that stems from theyRet al. (2001) hypothesis is that
respondents presented with a DC bid amount lyirtgiwkheir uncertainty range are
more likely to respond “yes”. In their empirical @igcation Ready et al. (2001)
document 11 respondents that classed their levekedéinty with respect to their
response to a DC question as being “not sure”hGée 11, nine respondents (82%)
had opted to answer “yes” to the DC question, alréisat Ready et al. (2001) claim
supports their hypothesis. However, data from apeament displayed in Table 1.3
presents a contradictory result; only 12% of theedpondents that classed their level
of certainty in answering a DC question as beingt“Sure” opted to answer “yes” to

that question. One important difference may beuthe of language in the follow-up
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polychotomous choice certainty question. Our methedd the phrase “definitely
sure” and “probably sure” whereas (Ready et al.12@@ed “95% sure” and “more
likely”, importantly though, both studies have aan$ure” group which should

produce consistent results.

Follow up certainty Open-ended DC “yes” DC “no” DC % “yes” @
response
Definitely would pay 208 119 0 100%
(75%)
Probably would pay 63 116 0 100%
(23%)
Not Sure 4 3 22 12%
(1%)
Probably would not 0 1 29 3.3%
pay (0%)
Definitely would not 2 0 385 0%
pay (1%)

Table 1.3. Follow-up certainty responses for DC an®E groups?!®

a calculated from ‘DC yes'/('DC yes’ + ‘DC No’)

Overall, our data replicate the standard findirgrfrthe CV literature in which DC
format questions elicit responses implying higheFRAthan responses to OE format
questions. Our data provide little support for #emady et al. (2001) hypothesis in that
responses remain significantly different even wheswers under the two formats
were compared at the same level of respondentimgrtdn addition, our data
contradict the finding of Ready et al. (2001) iratttwe find no propensity for
respondents to answer “yes” when a DC questios falltheir uncertainty range.
Indeed, our data suggest the opposite tendencyawitirge majority of respondents in

those circumstances opting to answer “no”.

Multiple Bounded Discrete Choice — Uncertainty Resg

18 All 952 respondents are used for this analysillagspondents completed the first two tasks.
Removing the 36 respondents with incomplete datherthird (MBDC) task results in 18.75% of

“not sure” respondents answering “yes” to the D@siion in the first task (3 out of 19).
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If the patterns of response identified from stadd@W elicitation can be explained
through the existence of underlying uncertain pesfees then the central question
becomes whether those uncertain preferences ameséives influenced by the
elicitation procedures. We examine responses tMBBC elicitation from Task 3 of
our valuation experiment to explore whether theemtainty ranges identified in that
task are invariant to the nature of the standardeGi&itation question presented to
them in Task 1.

Figure 1.8 summarises our data from the MBDC egerti graphical form; each bar
shows the average uncertainty range for each tesdtgroup. The OE group is
represented by the lower most horizontal bar wighdther seven DC treatment groups
above. Visually, the uncertainty range for the £5 featment group is lower to that
from the OE treatment group and, for successivatgdr DC bid level treatment

groups, those uncertainty ranges shift up the WeResand span a seemingly wider

range.
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Figure 1.8. Mean Uncertainty ranges of DC and OE &atment groups.

To explore those patterns more formally, we siatifly compare the lower and upper
bounds and the widths of the of uncertainty rang®ss treatment groups. More
specifically, we compare the means of the highedties that respondents in each
treatment group ‘certainly would pay’, the lowestue respondents ‘certainly would
not pay’ and the mean width of the uncertainty eafithis is summarised in Table 1.4.
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Mean uncertainty ranges from MBDC (95% confidence mtervals) Difference in

Only positive WTP 1° means of
multiple
Treatment  Open roups (-
£5 £28.70 £30 £31.30 £60 £100 £150 group
groups ended values)
Highest
20.3 9.8 26.6 27.3 24.6 31.9 30.5 454
‘certainly
” (14.8- (5.8- (21.6- (17.4- (19.5- (24.8- (19.5- (30.7- 0.00¢
would pa
bay 258) 13.8) 31.6) 37.3) 29.7) 39.00 41.4) 60.1)
MBDC (£)
Lowest
‘certainly 42.3 25.3 42.0 48.3 44.3 54.3 67.4 81.1
would not  (33.9- (17.2- (36.4- (34.5- (38.9- (38.3- (49.0- (57.0- 0.00¢
pay’ 50.6) 334) 476) 621) 49.6) 70.3) 85.7) 1052
MBDC (£)

Width of 220 155 154 210 19.7 224 369 357
uncertainty  (16.9- (10.4- (12.1- (14.2- (14.4- (9.4- (232 (23.3- 0.00F
range () 27.1) 206) 187) 27.7) 250) 353) 50.7) 48.0)

Obs 143 59 54 48 48 36 42 48

Table 1.4. MBPC responses for OE and DC treatments.

ap-value calculated from ANOVA F-test of equalityraBans across multiple groups

The final column in Table 1.4 contains fw@alues of an F-test for equality of means
between the multiple treatment groups. We see fgignt difference at the 99.9%
confidence level showing that at least one of teatment groups has a different mean
to another treatment group. In addition, we alsb fier difference in the width of the
uncertainty range and observe significant diffeecthetween at least one of the

treatment groups when compared to the other tredtgreups -value 0.001).

To better understand the patterns of differenceéha location and width of the
uncertainty ranges of different treatment groups emeploy the semi-parametric
estimator described in Section 1.4. Our strated)y arameterise the two durations in
our model as functions of treatment group. Moregjpally we define a set of dummy
variablesq, to g, with q, defining the OE treatment, agg to g, defining the seven

¥ Figures in Table 1.4 are based on only those refpus who stated a positive WTP, this data
therefore excludes all respondents who statedwloeyd not be willing to pay anything for the

project. The analysis in Table 1.4 using all resgens qualitatively identical to those describerkh
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different initial bids in the DC treatments (sublat g, = £5 DC treatment angl, =
£150 DC treatment) and use those to parametersent ‘WTP state durations’ in
our model; duration in a state of ‘certainly woglay’ (t) and duration in a state of
‘uncertainty(w). Specifically, we use those treatment group dunwasgables to
parameterise the probability of transitioning framstate of ‘certainly would pay’ to a
state of ‘uncertainty’ as defined by the hazard:fiom h} (G=12,..,M+1)andthe
probability of transitioning from a state of ‘untanty’ to a state of ‘certainly would
not pay as defined by the hazard functidgff (k=1,2,..,K). The latter

parameterisation is a straightforward extensioacefation (1.3):

/1k eﬁfi"‘ Boqot+ B7q7

hie (6,90 = 7 P T (k=12 ..,K) (1.10)

where, as befored, (k =1,2,...,K) define the baseline hazarg,is the maximum
amount that respondentvas certain they would pay, agd = [q¢; q1; - g7;]iS a
vector of dummy variables identifying respondeigt treatment group an@ =

[B Bo B1 - B7]is avector of parameters to be estimated.

In a similar vein, we define the probability ofrisationing out of a state of certainly

would pay as:

¢]. e%odoit .+ a7qy;

=12,..,M+1) (1.11)

t —
h] (ql) - 1 + ¢] ea0q0i+ Wt azqqi (]

Where¢; (j = 1,2, ..., M + 1) define the maximally flexible baseline hazard tfoat
transition, q; identify treatment group for respondénande = [a, a; ... a;] are
parameters to be estimated. As per equation (fh2)probability of observing a
particular maximum ‘certainly would pay’ quantits, can be calculated from the

hazard function as follows;

t

dij
Pritlad = | |hican (1.12)
j

For the purposes of identification, we ggt= 0 anda, = 0 such that OE elicitation

forms our comparator treatment group.
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Test 1: Is the location of the uncertainty rangeanant to the absolute value of the

initial bid amount?

Table 1.5 reports parameters of the model estimatdg the self-consistency
algorithm described in Section 1.4. The first twauenns of Table 1.5 report the
parameters associated with the probability of iteomsng from a state of ‘certainly
would pay’ to one of ‘uncertainty’. Observe thag throbability of transition for each
of the DC treatment groups is statistically sigrafitly different from that of OE
treatment group at greater than the 95% confidésad. In the case of the £5 DC
treatment group the parameter exhibits a positiga sdicating that individuals
offered an initial bid amount of £5 had signifidgritigher transition hazards than OE
respondents and therefore had a higher probabfligxiting the ‘certainly would pay’
interval at lower WTP amounts. The other treatmgnotup parameters all have a
negative sign indicating that individuals offered iaitial bid amount of £28.70 or
more had significantly lower transition hazardstl@E respondents. In other words,
respondents offered £28.70 or more as an init@ldirel had a higher probability of

exiting the ‘certainly would pay’ interval at high@amounts relative to the OE

respondents.
Transition Hazard Certainty to Transition Hazard Uncertainty to
parameters uncertainty transition parameters certainly would not
— with parameters for pay transition — with
initial bid effect parameters for initial

h}(qi) bid effect

hy (ti, q:)
Entry point certainly -0.0088***

would not payB (0.0018)

Open ended Base case Open ende@ Base case
0.6248*** 0.2616
£5a £58

(0.1699) (0.1581)

-0.3328* 0.2739

£28.70a £28.708

(0.1618) (0.1613)

-0.3730* -0.0467

£30«a £308

(0.1733) (0.1691)

-0.3847* -0.0272

£31.30a £31.308

(0.1693) (0.1675)
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-0.6052** 0.0717
£60a £60p8
(0.1905) (0.1954)
-0.4757** -0.2851
£100«a £1008
(0.1836) (0.1816)
-0.8063*** -0.1258
£150« £1508
(0.1721) (0.1836)
Log likelihood -1388 -1671
Obs 473 473

A's and ¢'s are not reported.

Significance levels: *0.05, **0.01, ***0.001

Table 1.5. Semi parametric estimator output.

Our findings provide evidence that the maximum amaespondents indicate they
are ‘certain they would be willing to pay’ in a MEBDexercise is not invariant to the
nature of a preceding elicitation question. Re&atiy the OE sample, the start of the
uncertainty range significantly shifted down fospendents previously asked about
paying a low (£5) initial bid amount, and the stdrthe uncertainty range significantly
shifted up for respondents previously offered ahh{§28.70 or more) initial bid
amount. These results are consistent with an amgheffect in that the initial bid
offered in the DC task significantly influenced thecertainty ranges elicited in the
MBDC task.

To visualise the data we select a subset of owr. d&e include only those subjects
who in task 1 were initially offered a standard bid amount of either £5 or £150.
We are therefore left with a total of 185 obseiwadi with 91 observations in the £5
group and 94 observations in the £150 group. Wensanse the results graphically in
Figure 1.9 using a survivor function representatbthe WTP state distributions. In
Figure 1.9 we illustrate the distribution for theeftain would pay’ state contrasting
the £5 treatment group on the left with that of £#4&0 treatment group on the right.
Clearly, those offered the £150 initial bid amouimthe DC task were more likely to

express certainty over being willing to pay high&r amounts in the MBDC task.
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Figure 1.9. Survival functions for the certainty range, including only those

individuals who gave a positive WTP?

Test 2: Is the width of the uncertainty range inaat to the initial bid amount?

The parameter estimates reported in the final telonons of Table 1.5 are those
associated with the width of a respondent’s ‘uraety’ range. Thef parameter
allows for the width of that range to depend onléwvel of WTP at which a respondent
entered a state of uncertainty. Since the modsiameterised in terms of the hazard
function, the highly significant and negati@eeveals that the higher up the WTP scale
the individual enters uncertainty the smaller thnsition probability is for exiting
uncertainty. In other words, respondents who s$tijleer certain WTP amounts in the

MBDC exercise also exhibit wider uncertainty ranges

Now consider the parameters estimated on the tesdtgroup dummy variables for
the transition from ‘uncertainty’ to ‘certainty wiobnot pay’. The results show clear
evidence that, having controlled for the WTP-les#éct captured by, there are no

statistically significant treatment group effectdis result is consistent across all
treatment groups including those offered the peedasl amounts of £28.70 and
£31.30. Accordingly, for our sample, the width & tuncertain ranges elicited using

the MBDC method are invariant to the nature ofthsk 1 valuation exercise.

20 A proportions test shows no statistical differebeéwveen treatment groups for the number of
respondents who were not willing to pay anythingtfe environmental change.
Number of zero WTP respondents = 34 out of 91 fotréatment group and 46 out of 94 for £150

treatment group, P-value = 0.112.
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Figure 1.10 compares the distribution of widthsiotertainty ranges across the same
two treatment groups as Figure 1.9. As we have saemodel shows a significant
WTP-level effect; that is to say, the width of threcertainty range depends on the level
of certain WTP. Accordingly, the distributions ifrgkre 1.10 are presented using the
mean maximum certain WTP amoufit3 for those two treatment groups; £9.80 for
the £5 treatment group and £45.40 for the £150@mrAgain we observe a difference
in the distributions with that for the £150 groulemtifying a substantially increased

density of respondents with large uncertainty range

Survival Function for £5 group Survival Function for £150 group
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Figure 1.10. Survival functions for the uncertaintyrange with ¢; equal to the
meant; for each treatment,t = £9.80 for £5 andt = £45.40 for £150.

Finally, Figure 1.11 compares the distributionted tvidth of uncertainty ranges while
holding the WTP-level effect constant. In particul@e plot the distributions assuming
an identical maximum certain WTP amout) of £10. Observe that the two
distributions now appear very similar suggestingt ttreatment group has little
independent effect on the uncertainty range witithbsummary, the graphs visually
confirm the results that the location of the ureietly range can be shifted by the initial

bid amount but the width of the uncertainty rarggaot independently affected.
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Figure 1.11. Survival functions for the uncertaintyrange using an identical
entry bid value t = £10, including only those individuals who gave positive
WTP.

Test 3: Are the location and the width of the utaiaty range invariant to the OE

treatment versus the DC treatment?

Finally, we can consider the general differencesvben the DC sample as a whole
and the OE sample. Using the results presentedbieTL.5 it is clear that the important
characteristic is the absolute value of the inifi@ bid amount. The absolute value of
the initial bid has an anchoring effect on the cggfents in such a way that it carries
through to a subsequent MBDC task and is expresséubose elicited uncertainty

ranges; however, this result is only seen in tlwation of the uncertainty range and
not the width of the uncertainty range. We see ttmadifferences in the width of the
uncertainty ranges are captured by the effect ttedifferent width of the ‘certainly

would pay’ interval.

Overall, we conclude that it is the absolute valtithe bid level from a previous DC
question that causes respondents to express diffeneertain preferences to those
previously offered an OE question. Our results shemsually in Figure 1.8 and
numerically in table 1.4, that OE responses weaysadt to the £28.70, £30 and £31.30
DC bid levels. In addition, those previously offéra £5 bid level expressed a
downwards shift in their uncertain preferences #muse offered £60 or higher

expressed an upwards shift in their uncertain peefses compared to the OE
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respondents. Therefore, for our sample, the urnogtaanges elicited using the

MBDC can be shifted up or down by the particulauraof a prior valuation question.

1.8. Conclusion and discussich

The main focus of this chapter is to evaluate tigpothesis that individuals hold
preferences that are uncertain but in all othepeets comply with the standard
assumptions of economic theory. Results from oupiecal experiment comparing
responses to a standard single bounded DC andasth@E questions confirmed
findings in the existing literature on CV anomajies particular, the DC treatment
implies higher WTP than the OE treatment. Our gatavide little support for the
Ready et al. (2001) hypothesis that those diffexencan be explained through
differences in the certainty with which respondeatswer these two different
elicitation methods. When respondents’ answers wereded to a comparable level
of certainty, significant differences in WTP wertl sobservable in our data. In
addition, our data contradicts one of the key figdi of Ready et al., (2001) as we
found that the most frequent response for thoswitheals who stated they were “not

sure” to their initial answer was to say “no” iretBC format.

Uniquely, our experiment investigated the uncetyairi preferences by following-up
on an initial value-elicitation task with a MBDC exxise. Our null hypothesis being
that uncertain preferences should be invariablesponse to value-irrelevant details
of that initial elicitation task. Our data show aleevidence that the location (though
not width) of the uncertainty range is significgnthfluenced by the elicitation
procedures. Respondents updated the location stainieof their uncertainty range to
higher amounts when offered a high DC bid amou8(#0 to £150) and to lower
amounts when offered a low DC bid (£5) relativéhe® OE method. We conclude that,
for our sample, respondents to CV surveys readihyess uncertain preferences and
their responses can be shifted around by the ai@it procedure. Specifically, the
results are consistent with an anchoring effe¢hat the initial bid offered in the DC

task significantly influenced the uncertainty rasg@écited in the MBDC task.

2! Further concluding remarks on all three chapiarahich we highlight potential future extensions,

can be found at the end of this thesis.
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A major contribution of this work is the developn@h a semi-parametric estimator
for the analysis of uncertain preferences. Thenegbr we describe is commonly used
in the medical literature and can be described #wee-state duration-dependent
Markov model. It allows analysis of both the certgirange and the uncertainty range.
We conclude that the semiparametric estimator ptedehere is an interesting and
potentially fruitful technique for analysing uncart WTP data. We have shown an
example of how the estimator can be used to andg&RC data. Moreover, we test

correlation in the width of the certainty and urtaerty ranges and independently test
the effect of a prior DC question on the unceriamange; analysis that would be very
difficult without specifically modelling the threslds between an individual’s state of

certainty about paying for a good.

We conclude that our modelling technique makes v¥ewy assumptions about the
characteristics of the data. We believe that bemding the analysis of MBDC data
outside of the previously used parametric methodshave broadened the potential
for analysis on uncertain valuation preferencestafss we are aware this is the first
time that this form of multiple-state duration mbitg has been used in economic
analysis.
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CHAPTER 2

OPTIMAL PATTERNS OF LAND USE USING SIMULATION MODELLING : ECOSYSTEM

SERVICES AND MULTIPLE PURCHASERS
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2.1. Introduction

The primary aim for landowners of agricultural lasdo grow market goods such as
food, at the same time agricultural land provide$ias the potential to provide, a wide
array of non-market ecosystem goods and servicas Rational Ecosystem
Assessment 2011). Since those ecosystem servitas ltdve the characteristics of
public goods, the landowners have little motivatioqproduce more or even preserve
such services. As such, to deliver ecosystem s\landowners will likely require
some form of external incentive (Kemkes, et al. @0Mechanisms instituting such
incentives, including regulation and direct paynseate on the rise around the world.
The particular focus of the work described in tthapter is on Payment for Ecosystem
Services (PES) schemes (FAO 2007; Engel, et alB)2@0 recent summary of the
literature can be found in (Schomers and Matzd0if3}, a review which documents

the rapid growth in PES over recent years.

A patrticular feature of PES schemes which seeknéeritivise land-management
practices on agricultural land is that they reduyldeliver multiple ecosystem benefit
flows. A frequently cited example of a change tleatds to multiple benefit flows is
the planting of a riparian buffer, in which a stofdand along a watercourse is planted
with vegetation, usually trees. The riparian bufan improve water quality, reducing
sediment, nitrate and phosphate runoff, while siamdously sequestering carbon and
providing habitat for wildlife (Salzman 2010). Irete agriculture can be managed to
deliver a whole suite of ecosystem services indgdnydrological and climate
regulation services, food and water production isesy pollination services and
cultural and recreational benefits (Millennium Egstem Assessment 2005). As such,
reducing intensity of agricultural practices wilkdly deliver improvements in a
variety of different ecosystem services resultimgenefits that will accrue to a variety
of different groups. This chapter focuses on teaesof PES mechanism design when
the activity incentivised through the scheme besefiultiple groups each of whom
might be prepared to contribute to payments maarigih the scheme; that is to say,
the design of multiple-purchaser PES mechanismat fOicus differs markedly from
the majority of the PES literature that has largelgcentrated on the single-purchaser

problem.
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While all purchasers may be interested in incesitigj the same type of land-use
change (for example, reducing the intensity of@adtural activity or taking land out
of production altogether), it is not necessarily thase that each would choose for those
changes to be instituted in the same locationsekample, a purchaser interested in
improving water quality might gain most by reducagyicultural activity along water
courses. Similarly, a purchaser interested in b@Edity outcomes may benefit most
by instituting the same changes around previoustiabdished nature reserves
(Lawton, et al. 2010). The first example represantase where the ecosystem service
benefits delivered by undertaking an activity ceatain location are determined solely
by the characteristics of that location. The secaample represents a case of spatial
interdependency whereby the ecosystem service ibeoéfan activity in a location
are determined in part by the activities undertakenneighbouring locations
(Goldman, et al. 2007). Recently, spatial targetiag been recognised as an important
feature of PES mechanism design; see discussiotiseodgglomeration bonus in
Watzold and Drechsler (2014) and Banerjee et @ll4®, and policy relevance see the
new Countryside Stewardship land-management schem&unced in the new Rural
Development Programme for England (Defra 2014) dne Natural Capital
Committee recommendations (Natural Capital Commi2@l5).

While the literature has focused on the spatiatipasing decision for a single buyer,
even when multiple benefit flows exist, in this ptex we focus on the issue of spatial
coordination on the demand side of the market; ith&t say, the question of which
beneficiary buys land-management changes on wlaod parcels. As described
subsequently we present a framework of methodexploring potential efficiency
gains from multiple purchaser PES schemes. Forangst if the buyers act
independently and both adopt a PES scheme, thevarats may receive double
payments for the change in land-management pracfit®odward 2011).
Alternatively, the buyers may consider it the resgbility of the other buyer to pay,
leading to free riding behaviour. Further adverféeces may occur when one buyer’s
decisions on the location of the land-managemeangh adversely affect the benefit
flows received by another buyer. In addition toerde effects, synergies could result
from multiple buyers working together, such as csavings or greater overall
ecosystem service flows (Venter, et al. 2009). Hexe focus on the spatial

coordination of the buyers’ decisions but it is ortant to note that the framework of
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methods outlined in this chapter can easily beiegpo considering the potential
efficiency gains when the purchasers are payindifterent land-management actions
or even when the benefits from different actionsy\according to the location. The
first key contribution of this chapter is to deel® general framework of methods that

can incorporate the spatial purchasing decisianufiple buyers.

Using our framework of methods we explore four nplgtpurchaser decision making
institutions— three non-cooperative and one codpexaln the first, we assume that
the multiple purchasers act in complete indeperglemz implement PES schemes
simultaneously-thdependent and simultaneous the second, we assume that the
multiple purchasers are independent but make theicisions sequentially—
independent and sequentifl the third, we assume that the multiple purehagnter
into negotiation with each othemegotiated Finally, we explore a fully cooperative
decision making problem in which we assume theiplalbuyers give up power over

their decisions to a trusted third partgeeperative

The second key contribution of this chapter ismply the framework of methods to
allow us to identify situations in which we mightpect a multiple purchaser PES
scheme to be practical. To compare the solutioos fthe four decision making
institutions (outlined above) we use the conce®arieto efficiency, that is solutions
that can make one buyer better off without makingtiaer buyer worse off. We
explore the non-cooperative and cooperative detisiaking problems in two
simulation environments to assess the opportunitiesealising Pareto-improving
outcomes through a PES scheme when multiple indigmergroups stand to benefit
from changing farmers’ land-management practiageboth simulation environments
we create spatial heterogeneity in the benefit $léov the multiple buyers and in the
second simulation we include spatial interdependémt¢he benefit flows. Modelling
a buyer with spatial interdependency in their besefecessarily creates a non-linear
problem, we show how our framework of methods igatde of creating solutions
even for spatially interdependent benefits by faxgna linearised version of the

buyer’s decision problem.

In addition to allowing us to identify situatiomswhich the multiple purchasers might
be practical, the method we develop allows us ¢atifly optimal patterns of land use

across a spatial landscape, potentially providingseful tool for both ecosystem
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services buyers and policy makers—this is the tkéy contribution of this chapter.
The decision making problems of the buyers are flextien such a way as to be
solvable by linear integer programming methodsvehg for exact optimal solutions

to be found over a reasonably large and heterogsraadscape.

In Section 2.2 we introduce the key literature updmch this chapter builds, in

particular we focus on the existing literature onltiple purchasers of ecosystem
services and the literature on modelling the spakision making of buyers of

ecosystem services. In Section 2.3 we set out ativating example and build up a
model that can be used to describe the spatiakidecmaking of purchasers of
ecosystem services, including showing how to madbel costs, benefits and the
motivations of the different buyers using integesgrzammes. In Section 2.4 we show
how incorporating multiple buyers into a single PEEBeme adds a level of complexity
and then go on to develop four multiple purcha$e® ihstitutions. In Section 2.5 and
2.6 we present two simulation environments in whieh provide insights into and

draw conclusions about the potential for multiplerghaser schemes using
comparisons of the solutions gained from the naspecative and cooperative

decision problems. In addition, we explore howdbeelation between the production
of ecosystem services affects the potential foe@amprovements. Finally, through

a more realistic simulation environment, we presantexample showing how the
framework of methods can be used by policy malefmtl optimal land-use patterns
and in Section 2.7 we provide concluding remarks.

2.2. Literature review

Most PES schemes are run as monopsonies (Salzr@@h ¥ohere multiple purchaser
schemes have been successfully implemented it basrgly been coordinated
through a single organisation operating as a mampsuyer, such as New York
City’s water authority acting on behalf of all @ icustomers by paying for a PES
scheme in the Catskills catchment (Daily and EHi2002), or in Costa Rica where a
PES scheme in which landowners are paid to prdteests developed through
allowing new buyers to fit payments within an eixigt payment framewofk

(Sanchez-Azofeifa, et al. 2007; Pagiola 2008). Agke purchaser PES scheme will

22 The scheme in Costa Rica is financed through atgeurces: such as a fossil fuel sales tax, hydro-

electric companies, the World Bank and the Globalifbnment Facility.
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only be efficient when a sole individual or orgatisn are the only beneficiary and
potential buyer of the ecosystem service(s)—in rotherds the single purchaser
captures all the benefit and has monopsony powkemkes, et al. 2010). If we
consider that multiple groups benefit from the gstasm services produced then
excluding multiple buyers from the scheme may ereatefficiencies. Such

inefficiencies could arise from underutilisation thie potential available funds, for
example beneficiaries free riding on the investnoérat single purchaser, or from not
maximising the welfare of all beneficiaries dueth® single purchaser not fully
considering the outcomes for each beneficiary ¢y oansidering their own welfare

when making decisions about implementing a PESnsehe

There have been relatively few studies on the gromiof ecosystem services from
land-use change with multiple purchasers. NevesHisl several studies have
estimated the trade-offs from land-use change witkingle decision maker, for
example the trade-off between goods such as timbeagriculture and species
conservation (Nalle, et al. 2004; Polasky, et @02 Polasky, et al. 2008) or carbon
storage and biodiversity (Nelson, et al. 2008; ¥enet al. 2009). In solving the
problem the authors have assumed that a singleebwdgsts and with that single
budget a decision maker solves for the efficiettames, however with the trade-offs
in the goods studied it is easy to imagine multiplgers, for example, separate buyers
of REDD carbon reduction objectives and biodivgrsibjectives in the Venter et al.
(2009) paper. Assuming a single decision makes tailaccount for complexities that
arise when multiple economic agents with differmigjectives participate within a
single scheme, such as one buyer free-riding othanduyer’s investment, or one

seller receiving double or stacked payments.

In the context of a multiple-purchaser scheme, Wiard (2011) investigates the
specific issue of the “stacking” of payments. Stagkrefers to the practice of a
landowner receiving multiple separate payments uwnliféerent schemes or from

different buyers as a result of a single land-manant change delivering multiple
ecosystem service improvements. The majority ofeturPES schemes either do not

allow stacking or dissuade stacking through reqgireach payment to generate

23 In such situations, the transaction costs ardylikebe low as coordination or negotiation neetl no

occur between buyers and therefore basic Coaséamanre likely to lead to an efficient outcome.
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additionality (the principle that landowners shountut receive payments for benefits
that would have occurred without their actions)lZ8&n 2009; Woodward 2011). As
such, sellers of ecosystem services cannot bdrafitsimultaneously selling in more
than one market, this can be to the detriment cfatmet benefits as shown in
Woodward (2011). In this chapter, we move away faamsidering the efficiency of

the scheme from the seller's perspective, or sgsigierspective, to considering

efficiency from the point of view of the multipleupers.

The research reported in this chapter seeks t@explultiple purchaser PES schemes
using methods of simulation modelling. A key elemeh that undertaking is in
developing models of the different buyers’ purchgsdecisions. To that end we
imagine a spatially heterogeneous landscape comgist a large number of land
parcels each managed by a separate seller in thesétteme. The costs of paying for
a change in land-management activity differ frommcphto parcel as does the
improvements in ecosystem service provision dediddoy that change. A buyer’s
choice problem is to purchase land-management esaihgough the PES on that set
of land parcels that deliver the greatest net gaugect to constraints imposed, for
example, by a limited budget.

In the context of a single purchaser, there isng loistory of developing quantitative
methods for spatially selecting land parcels to imée biodiversity (Kirkpatrick
1983). The approach adopted in that literature gdiyeinvolves mathematical
programming. To optimise biodiversity outcomes argitative measure is required
as an objective function; typically either a measwf species richness (the
representation of all species from a list of taggecies) or a representation of habitat
requirements has been used (Pressey, et al. 1®973worth et al. (2012), in a recent
application, quantify biodiversity by conductingarvey of the density and richness
of bird species and then regress those measurgsafgam management variables to
represent the response of biodiversity to farm rgameent responses to agri-
environmental policy scenarios across a spatialdeape. A review of the techniques
used to incorporate spatial objectives over biadity outcomes in the conservation
biology literature is given in Williams, ReVelle émhevin (2005). The vast majority
of studies in that literature focus on a singlejdrt constrained purchaser; see Sarkar
et al. (2006) for a review. We draw on the consgonabiology literature and apply

mathematical programming methods to model buyersafsystem services as
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independent agents, both when they make their idasissimultaneously and
sequentially.

One of the key extensions required for our reseertt go beyond the modelling of
PES buyers as independent agents and explore howutithasing behaviour of a
buyer in a PES scheme might adapt to, and infludrecpurchasing behaviour of other
buyers. One form such interactions might take & tf bargaining in which the
purchasers negotiate with each other regardinghwbarcels each should purchase.
Indeed, in this chapter we explore negotiation letw buyers through applying
techniques of noweoperative game theory; particularly by applying Rubinstein’s
alternate-bargaining game (Rubinstein 1982). Smutablems have been studied in
both mathematical programming under the name tatprogramming and in game
theory as the Stackelberg game (Vallée anghB&a999 Sinha, et al. 2014). In the
Stackelberg game negotiations are assumed to pfdbesugh multiple rounds of
offer and counter-offer until agreement is reach®de problem encountered in
modelling a multiple-round bargaining game whereiobs are patterns of purchases
across a large spatial landscape is that thosegyeomstitute complex combinatorial
choice problems. In this research, we addressrbl@dem of identifying solutions to
such problems through the application of genetiodhms. Genetic algorithms are a
branch of evolutionary computation, which solveimygation problems by imitating
natural selection, selecting the ‘fittest’ solusdior ‘breeding’ in the next generation.
We utilise the genetic algorithm over alternativearsh methods due to the
computational efficiency of the genetic algorithA.detailed account of genetic

algorithms is given in Haupt and Haupt (2004).

A final element of the research in this chaptdoiexplore outcomes when the buyers
act cooperatively. For cooperative decision makivwg use multi-objective
programming techniques. A number of techniques ar&lable to solve multi-
objective optimisation problems, the one used is tthapter is the-constraints
method proposed by (Chankong and Haimes 1983Yidf the method proceeds by
maximising the objective of one agent whilst introshg a constraint that the objective
of the second must reach at least a certain kevBY varyinge it is possible to trace
out the whole production possibilities frontier.iJmethod is utilised in an ecosystem
services context in Polasky et al. (2005). T6thlef2009) provide another example

in their study on open space in Chicago, USA, incWltheir objectives are to jointly
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minimise costs and maximise the area of open spacalternative approach to multi-
objective optimisation problems is through the wéegl-sum or scalarisation
technique. With that approach the objective funmctior the maximisation is
constructed as the sum of the objectives of theagents. The two elements of that
sum are weighted by scalats> w; > 1 and0 > w, > 1 such thatw; + w, = 1.
The trade-off curve between the two objectives lsartiraced out by optimising the
combined objective function while varying, over the range 0 and 1. This technique
is used by Snyder et al. (2007) to maximise grasshabitat while at the same time
minimising the pairwise distance between new habnd existing reserves. Similarly,
Venter et al. (2009) use the technique of assigaimjthen varying the weights of the
two objectives for a study on jointly reducing aambemissions and improving

biodiversity.

2.3. Spatial targeting in PES schemes

Our motivating example concerns an agriculturadltmape. That landscape comprises
a large number of independent land parcels eaclageaby a farmer whose primary
objective is to maximise profits from the produatiof food. Alternative land-
management practices are possible, including talkind parcels (which might be a
field or entire farm) out of agricultural produatioFor farmers, however, those
alternatives are costly: they may require additiangenditure or result in a lower
yield of agricultural output. At the same time gaftative land-management practices
can deliver ecosystem services beneficial to onaamy groups. A payment scheme
in which the beneficiaries compensate the farmertlie costly land-management
change (and is beneficial for all parties involveddn be described as Pareto-
improving. The focus of this section is on the ctewrjties that arise in realising such
Pareto-improving outcomes through a PES scheme wilétiple independent groups

stand to benefit from changing farmers’ land-managy& practices.

To address that question we simplify our analygisssuming that farmers have an
observable reservation price (perhaps greaterdbst) at which they are prepared to
adopt some particular change in management praaite land parcel. Moreover, to
maintain tractability we concentrate on the caseralonly one alternative land-
management practice exists; to fix ideas, let gssiag that that alternative might be
taking a land parcel out of agriculture. In pad@yuwe focus on the question of issues
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of spatial coordination on the demand side of therket; however the methods
developed in this chapter could just as easily fy@ied to address the question of
coordination between multiple buyers in determiningich of several different

changes in land-management practice to fund.

For the purposes of this chapter we imagine arcalgural landscape consisting of

N land parcels. For each land parceél that landscape we assume that the farmer has
a binary choice; carry on with normal productionumdertake an alternative land-
management practice. We use the decision variglie denote the land-use choice
on each land parcel. If a farmer carries on witlhmad agricultural production on their
parcel of land thew; = 0, however if that farmer agrees to undertake aarradtive
land-management practice then= 1, such that; € {0,1}. Building on that notation

we denote a landscape configuration by the vecter[x; x, ... xy].

Each buyer makes a choice as to which land patocdisd. We us& to denote the
decision set; that is, the set of all land partieég a PES buyer could convert to an
alternative land-management practice by meetingebervation price of that parcel's
landowner for conversion. When the buyers are hobsing simultaneously, another
PES purchaser may have already paid for managechanges on one or more land
parcels, therefore our formal definition of the idean set is given by = {x;: x; =

0}. We describe a particular choice for buyer ANsyectorx, where element, ; =

1 if buyer A chooses to fund land-management chamgiesd parcej (such that that
parcel must be an elementXfandx, ; = 0 otherwise (either because that parcel is
not in X or because buyer A chose not to fund changesainparcel). The choice
vector xz is defined analogously for buyer B. Subsequently shall define
maximisation problems that identify optimal fundicigpices for each buyer. We will
denote the solutions to those problems by the vegfpandxy. The vectorx) (x%)

is 1 for allj where buyer A (buyer B) funds the land-managensbanhge and zero
otherwise; this differs from, which is 1 for all parcels that have been corecedcross
the whole landscape.

2.3.1. Costs

The creation of any PES scheme requires the exehafrigformation between buyers

and sellers, one important piece of informatiothis cost to a farmer of adopting an
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alternative land-management practice. It can bemasd that farmers know that cost
more accurately than the purchasers; they knowowgpie degree of certainty the
opportunity cost of an alternative land-managenohiainge and also the reservation
price they are willing to accept to undertake thange (Salzman 2005). A number of
payment mechanisms have been used to facilitatextiegange of cost information,

we briefly discuss a selection of these mechaniantsthe complexities that result

from considering spatial coordination with multiperchasers.

A common payment mechanism is the fixed price maishain which the buyer posts
a price that they are willing to pay to secure g&snin land-management practices.
Fixed price schemes often use a field-level apgroacvhich farmers are paid for
conservation on a field by field basis or alteweliy paid per hectare or per metre. The
Countryside Stewardship scheme in England is ampbeaof a fixed price mechanism
in which landowners can select from a number ofl{aranagement options each
offered at a fixed price. From a buyer’s point @w, a fixed price mechanism leads
to a number of inefficiencies. Due to a single @rizeing set across the whole
landscape, fixed price mechanisms overpay landasymeaddition, because it fails to
differentiate between the levels of ecosystem sesyprovided, some landowners may
be excluded that could have provided substantinétits because their reservation
price was higher than the fixed price. Furthermdiseed price mechanisms fail to
account for the additional benefits that might@afi®m funding spatial patterns, for
example concentrating participation in the schem® ione location (so called
agglomeration benefits). With regards to the latterechanisms such as the
agglomeration bonus have been proposed which attengommunicate the value of
certain spatial configurations to the farmers wfita expectation that the farmers can
then coordinate their land-management practicegdh a way as to be most beneficial
to the buyers (Parkhurst, et al. 2002). Howevechsschemes may prove costly

(particularly in terms of the cost of coordinatiam)en scaled up to large landscapes.

A further payment mechanism that allows differamdia on price is provided by a
reverse auction. For example, the Bushtender grajedustralia (Stoneham, et al.
2003) and the River Fowey Upstream Thinking int&atin the UK (Day and

Couldrick 2013). Reverse auctions ask landownedgtbare a price at which they are
prepared to participate in the PES scheme. Withinfi@mation the buyer can choose

which farmers to accept. Through combining the me¥eauction with additional
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information on the expected ecosystem service benefpatial coordination is
possible; for example, the buyer can weigh up tst of the bids and the potential

benefits that would arise from accepting a cersgiatial pattern of bids.

In this chapter we begin from the assumption that d¢ost that must be paid by a
purchaser to achieve some particular landscapegtoation, is already known to the
buyer. We do not investigate more complex instidil arrangements where farmers
can negotiate payment, or where there are choicess different possible land-
management practices. For example, let us asswahaltfarmers have submitted bids
to a reverse auction. In that case, each goist known and independent such that a

buyer’s costs from a PES scheme can be representieé following simple form:

N
c(x) = Z CiXya,j (2.1)
j=1

For the purpose of clarity in the simulations wekmghe further assumption that the

cost for each land parcel is uniform across thel&lemdscape such that:

'

~.
1l
=

c(x) = CXy j (2.2)

2.3.2. Benefits

Despite knowing the reservation price of each farpwential purchasers may still
face a complex choice as to the particular setnd Iparcels to select for funding
through the PES scheme. In particular, the prodoatf many ecosystem services is
spatially heterogeneous. As such, the choice oflmaind parcels to fund must at least
consider the trade-off between the cost of fundargl-management changes on a
particular land parcel and the benefits of the gst@sn flows that arise from those
changes. Moreover the level of flows of ecosystemsices realised from funding
change on one land parcel may depend on wheth&igebaare also instituted on
neighbouring or nearby parcels, a feature we des@s spatial interdependence. In
that case, the particular spatial configuratiotaofl parcels entering the PES scheme

Is vital in determining the overall benefit flows.
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A further complicating factor concerns possiblestoaints on purchasers’ actions. For
example, they may be working within a certain budgeeed to achieve a target level

of benefit.

In order to capture these complexities in our sanoh modelling we need to integrate
the heterogeneity and interdependence of benefitsflfrom land parcels as well as
the existence of constraints into the mathematpralgrammes with which we

represent a PES purchaser’s choice problem.
Spatial heterogeneity and interdependency of thedfés

The spatial production of ecosystem services cathdseght of in terms of two key
components, spatial heterogeneity and spatialdapendence. Spatial heterogeneity
refers to the uneven nature of potential ecosystemice production across the
landscape. For example, the production of carbanage by planting trees is relatively
spatially homogeneous, although the carbon stqratgntial of trees could depend on
spatial characteristics such as altitude, soil typeposure, latitude the primary
determinant is likely, in most cases, to be the amhof trees plantéd In contrast,
the production of water quality is spatially hetgeoeous, such that converting certain
land parcels (possibly locations close to a watasm® or on a steep slope) to an
alternative land-management practice produces bmefits than other land parcels.

Spatial interdependence, on the other hand, réfetise relationship between land-
management practices on one parcel of land anprddictive capacity of other land
parcels. For example, this could be a quantityd#pendence, such that the aggregate
abundance of a particular land use affects theflerieom converting another land
parcel, or a configuration interdependence, sucat tlocating certain land-
management practices close together or far apttafthe benefits of converting
another land parcel. An example of configuratidendependence can be found in the
creation of a large contiguous natural habitat Whilelivers greater biodiversity
benefits than the creation of a series of sepai@igral habitats of the same total area.

A contrasting example concerns the location oftamahsite used for recreation. The

24t is also possible to think of getting greater &fis from carbon storage in the long term by

creating a large contiguous forested area; a lsirgge area may be more resilient to environmental

shocks, see Laurance et al. (2002).
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closer that site is to an already existing sitemfig a similar recreational experience

the less benefit the site is likely to provide.

In table 2.1 we use the two spatial production conemts—spatial heterogeneity and
interdependence—to identify four classes of ecesystervice production. In the first,
production is independent of location in the largec(spatially homogenous); in the
second, production differs across locations indnescape (spatially heterogeneous);
in the third, production is dependent on the agageg@bundance of alternative land-
management practices (spatially interdependent antify); and in the fourth,
production is dependent on the spatial configuratad the land use (spatially

interdependent - configuration).

Spatial dependency of ecosystem

service benefits

Spatiallyhomogeneous

Spatiallyheterogeneous
Spatiallyinterdependent(quantity)

Spatiallyinterdependent(configuration)

Table 2.1. Spatial dependency of ecosystem serveshemes.

For the purpose of illustration, we visualise how kand parcels which give the buyers
the most benefit may change depending on the natupgoduction of ecosystem
service benefits. We imagine that a particulardural landscape exists and that
running through the landscape is a river flowirgnirnorth to south. Figure 2.1 shows
such a landscape which has been partitioned ints; @ach cell represents a land
parcel with some cells representing agriculturatl&ed) and other cells river (blue).
Each of the four panels in Figure 2.1 shows an @kawf the cells which give a buyer
the most benefit but the variation results fromuasiag the ecosystem service benefits
are dependent on one of the four spatial dependeasgifications defined in table
2.1. Panel A shows an example for spatially homegaa ecosystem service benefits,
panel B shows an example for spatially heterogenemosystem service benefits,

panel C shows an example for spatially interdependeosystem services benefits
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based on the quantity, and panel D shows an exafoplgpatially interdependent

ecosystem service benefits based on the configurati

A B

Figure 2.1. Example spatial land-use patterns.

Figure 2.1:In each picture above, the green shaded cellesept land parcels in which a buyer can
receive their highest amount of benefits, the lokiés represent a river and red cells are agricailtu
parcels of land. (A) Shows a potential carbon stetauyer in which the ecosystem service benefits
are spatially homogeneous such that each landIpamiequal benefit and the buyer may choose
based on the lowest cost. (B) Shows a potentiadmeatality buyer in which the ecosystem service
benefits are spatially heterogeneous such thatpanckls close to the river are more beneficial. (C
Shows a buyer in which the ecosystem service bisra® spatially interdependent such that the
benefits change based on the abundance of convanégarcels. (D) Shows a potential biodiversity
buyer in which the ecosystem service benefits pagialy interdependent such that when land parcels

close together are converted additional benefitsugc
The buyers’ benefits

We denote the benefits that a buyer gains fronriecp&ar landscape configuration by
the functionb(x). For spatially independent ecosystem productianftimction takes

the simple form:
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N
b = ) by (2.3)
=1

whereb; represents the benefits from land-management elsamg each land parcel.
The ecosystem service of carbon sequestration pealdilhrough the planting of trees
could be represented through a benefit functioh s35(2.3). The benefits for a buyer
looking to secure water quality improvements migkb take a similar form in which

land-management changes on land parcels near év eatrses deliver highy.

For spatially interdependent ecosystem servicestitueture of the benefit function
becomes more complex. We take biodiversity as amele of an ecosystem service
whose production can be described as spatiallydependent and briefly discuss
potential benefit functions used in the conservabmlogy literature. That literature
indicates that the spatial interdependence of beydity production is often too
complex to represent in a form suitable for inagdasin a mathematical model
(Williams, et al. 2005). Rather than explicitly natichg the biodiversity production
function, a common alternative is to use a proxgeldeon the pattern of land use (Nalle,
et al. 2002; Polasky, et al. 2005; Polasky, e2@0D38).

Different desired landscape configurations call fdifferent mathematical
representations of the benefit function. Certaincfional favour a single large area
adjacent land parcels adopting alternative landagament practice, others a number
of smaller areas, others can provide connectivity certain shape to the land parcels
selected. Onal and Briers (2005), for example, msghematical programming to
minimise a benefits function calculated as the soimthe distances between

neighbouring land parcels:

b(x) = iz dj X;j X (2.4)

j=1k>j
wherex; andx, are pairs of binary land parcels afjd is the distance between them.
Minimising equation (2.4) achieves clustering oé tland parcels converted to an
alternative land-management practice, since salgparcels separated by the smallest

distanced;;, adds the least to the objective value.

A number of alternative approaches exist; for eXamprioritising proximity to
particular spatial features by minimising the suinpairwise distances to the spatial
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feature (Onal and Briers 2002); prioritising compass of the selected land parcels
to minimise fragmentation and boundaries (Toth BraDill 2008); or forcing the
selected land parcels to be fully connected (socgmuwalk between them) (Williams
and Snyder 2005).

Accordingly, there are many options available twg benefit functions of spatially
homogeneous, spatially heterogeneous and spatiatgrdependent ecosystem
services. For the simulations presented in thiptemawe take the benefit function in
equation (2.3) to represent the buyer of a spgtiatiependent ecosystem service and
equation (2.4) to represent the buyer of a spatialerdependent ecosystem service.

2.3.3. The purchasers’ problems

With defined cost and benefit functions all thahaens is to bring those together to
form a choice problem which a purchaser is assumeadlve in selecting the optimal

set of land parcels in which to fund changes i{aranagement practice. Since the
decision involves a series of binary choices fahdand parcel, that optimisation takes

the form of an integer programme.

In particular, we assume that buyers of ecosystemices seek to maximise the
benefits that receive from ecosystem service flowkdst being constrained by the
financial costs of paying farmers to convert temdative land-management practices.
In general form, a single purchaser maximisatioobjgm can be formulated as

follows:

max F(x),
ijX

s.t.G(x) <0

(2.5)

whereF (x) is the objective function an@(x) is the constraint set (both equality and
inequality constraints). As we are consideringrdaager programme one constraint in

G (x) will be to define eacl; in x as a binary integer, that is to say~= 0 (not in the
PES scheme) ot; =1 (land parcelj is in the PES scheme is converted to an
alternative land-management practice). As sugck {0,1} is a constraint in all

subsequent programmes.

To model the buyers decisions as an integer pragenequires us to consider that

the buyers may have different motivations: some mamt to protect a key input into
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their business, for example, water companies ordgjdctric power companies (Day
and Couldrick 2013); others may want to improvesgstem services for the benefits
to society or local communities; still others mapnt to offset environmentally
harmful activity elsewhere (TEEB 2012). Differences the motivations of the
purchasers lead to differences in how a buyer'sget programme should be
constructed. To differentiate, we classify the et buyers based on three
characteristics—budget constrained, target com&daiand profit maximising. For
budget constrained buyers we imagine a potenti@haser wants to achieve the most
ecosystem services they can with a limited budget.target constrained buyers we
imagine a potential purchaser wants to achievegetdevel of ecosystem service and
they want to achieve that using the minimum expeneli For profit maximising
buyers, we imagine a potential purchaser wantsuyodzosystem services up to the
quantity which maximises their profit. Table 2.2rsuarises the potential purchasers
of ecosystem services in terms of costs and bengfibviding representation of the
objectives and example purchasers. As beigxg represents the benefit function for
the buyer from the PES scheme @f}il cjxy j the sum of the independent costs of
land parcels in the schenfgjs the target amount of ecosystem service berafd®

is the budget.

Ecosystem service  Simplest representation Potential purchasers

of objective

b : .
I’I}C?X @) National, regional and local
Budget constrained N _ Governments,
S. t.z CjXaj < B NGOs
j=1
~ National, regional and local
) min ) ¢jx,
Target constrained gl Governments,
s.t.h(x) =T NGOs, Private companies
Profit maximising N Private companies, offsetting
max b(x) — Z CiXyj
Xj

Table 2.2. Types of buyers and their objectives.
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Solving a buyer’s integer programme means findimg ¢combinations ok;’s that

maximise their objectives; in other words, findimgich combination of land parcels
when changed to an alternative land-managementigrateads to the highest
objective value for the buyer. We denote this opticombination of land parcels as

x* such tha* = [x], x5, ..., xy].

In the current literature, the most commonly stddibjective is one in which decisions
are constrained by a limited budget, particulaghating to payments for biodiversity
(Williams, et al. 2005). We assume budget consthibuyers for the simulation in
this chapter but in Appendix B1 we discuss botlgaarconstrained and profit
maximising buyers. A profit maximising programmequges maximising the

difference between buyers’ benefits and costs,otohés requires the benefits to be
measured in monetary terms and assuming diminighaginal benefits means that
the problem becomes inherently non-linear. Apperglixshows how even a non-

linear profit maximising problem can be includedur framework of methods.

2.4. Multiple-purchaser problems

In this section, we consider another tier of comijein a buyer’s spatial decision
problem, the existence of another buyer. In doiagvge examine outcomes under
increasing levels of sophistication and coordimatio the interactions of buyers in
their purchasing behaviour. We focus on a caseeawuere are only two beneficiaries
of ecosystem services in the locality thereforg/dwb potential buyers of ecosystem
services—buyer A and buyer B. In particular, wesprg four decision making
problems for buyer A and buyer B: in the first theyers are independent and make
their decisions simultaneously and without regardtie actions of the other buyer; in
the second the buyers are independent and makealdwesion sequentially where the
second buyer to decide is aware of the first bsypurchasing decisions; in the third
the buyers make their buying decisions strategicadl the outcome of a process of
negotiation; in the fourth the buyers make thegisiens cooperatively. For clarity of
results we assume that the buyers do not faceaithos costs, apart from the
bargaining delay costs which form part of the modekcribing the negotiated

purchasing decision.
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Independent and simultaneous decision making

The first decision making problem we consider inesl two independent buyers
making simultaneous choices. In essence this isnales extension of the single
purchaser problem represented in equation (2.4yhith two buyers act without
knowledge of the existence of the other buyer. Buyand buyer B’s problems are

represented as follows:

Buyer Problem Solution Vectors
max F, (x)
Buyer A *jex X
s.t. Gy(x) <0
max Fg(x)
Buyer B *jex x5
s.tGe(x) <0

where F,(x) denotes the objective functiofi,(x) the constraint set and; the
solution vector of buyer A, andl;(x) denotes the objective functiai(x) the

constraint set angy the solution vector of buyer B.

One immediate insight is that when buyers’ decisiare made independently and
simultaneously, there is nothing to step; = x ; such that both buyers choose to
fund changes in the same land parcel. In other syomthen buyers do not consider
each other’s purchasing behaviour, they may batbteb pay the same farmer who
will enjoy “stacked” payments. Clearly, from theyews’ point of view efficiency

gains are possible from alternative purchasingadwi
Independent and sequential decision making

The second decision making problem we consider legoindependent buyers
making sequential choices. Such a situation mayrroaten one buyer, the first
mover, choses to act independently in a localibding changes in land-management
practices. At a later time, another buyer, the sédaoover, aware of the actions of the
first mover chooses to invest in the same localkygeneral form representation of

this decision problem is:

Buyer Problem Solution Vectors
Buyer A max F, (x) »
first mover *IEX
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S.t. G4(x) <0

Buyer B g{;gg Fg(x) .
X
second mover 5.t Gg(x) <0 5

whereF,(x) andG,(x) represent the objective function and constrainbbuyer A
(assuming buyer A is the first mover) afgl(x) andGg(x) represent the objective

and constraint set of buyer B (assuming buyertBessecond mover).

The important difference between the simultaneorsblpm and the sequential
problem is that in the sequential problem the sdcomver is advantaged from
knowing which land parcels have been funded byiteemover. As such, the second
mover can avoid stacking payments for those lancetmand instead use their budget
to select alternative land parcels. We denoteithiee problem by maximising over
x; €Y, whereY c X suchthat = {x;: x, ; = 0}, in words Y is the set of; that have
not been selected in the first mover’s solutiorsiple result that could be concluded
from this setup is that if a buyer understandshibeefits of moving second then we
would expect to see free riding behaviour in whiclyers wait for the other buyer to

move first.
Negotiated decision making

The third non-cooperative decision making problere wonsider is strategic
negotiation between buyers. Consider how a stmatbgiyer would act in our
independent and sequential problem. A strategigephlaould not, when moving first,
simply choose the land parcels that are most viubthem. Rather they would
consider which land parcels the other buyer wilbade, given any particular
purchasing pattern of the first buyer. The optitaall parcels to purchase for the first
buyer will therefore be to avoid purchasing sitest,tdespite providing buyer A with
high benefit, would be purchased by Buyer B inrteabsequent choice. Accordingly,

in our simple setup, strategic buyers gain an aggnby moving first.

Things get more complex when we imagine a situatiamhich buyers negotiate with
each other in reaching a binding agreement ovectwliand parcels each will fund. To
explore negotiated outcomes we consider a form tadtegic non-cooperative
bargaining famously modelled in Rubinstein's ak#img bargaining theory

(Rubinstein 1982). In that model, bargaining pralsega a structured non-cooperative
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game in which two players make alternate offersrie another. In our case, those
offers would concern the land parcels that theroffebuyer would choose to fund if
they were given the strategic advantage of buyirgy. fFor simplicity, we assume
those decisions are made with perfect informati@egarding the purchasing
preferences of the second buyer. If an offer iptEd then agreement is reached.
Alternatively, an offer can be rejected in whictseahe second buyer is given the
option of making an offer. The negotiation mightdi@yed out over a fixed number of

rounds of offers or over an infinite horizon.

The simplest form of such a bargaining institui®the one-round ultimatum game in
which one player, the leader, makes an offer thatother player, the follower, can
either accept or reject. If the follower rejects tffer then both players get nothing.
The subgame-perfect-equilibrium for the ultimatuamg is one in which the leader
should make a proposal in which they get all theefiess and the follower should

accept that because they can do no better. Irotfitext of our two PES buyers, a one-
round negotiation analogous to the ultimatum garae be represented by the

following decision problems:

Buyer Problem Solution Vectors
Buyer A F F, () c 0
max X +( max x)s.t.Gg(x) < ) X,
Leader xex “\ 74 \xjetxpxa=0) " 5(®) A
Buyer B max Fg(x) *
Xp
Follower s.t. Gg(x) <0

Observe how the leader’s problem takes the form biflevel programme, that is to
say, a mathematical programme that itself contam®ptimisation problem. In this
literature, this form of problem is often refertedas a Stackelberg game. In our case,
the leader perfectly anticipates the optimisatiosbfem of the follower, knowledge
that they exploit in choosing which land parcelg@ude in their proposal. Since this
Is a simple one round negotiation, the followermashoice but to accept that proposal
and (since we assume perfect information) choosetaof land parcels to fund

themselves which perfectly matches the predictidch@leader. The key point to note
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Is that in this strategic setting a buyer’s fundangposal anticipates how that proposal

will affect the choices made by the other buyer.

A simple extension to the ultimatum game would ®altow for a second round of
negotiation in which the second player can refiefirst player’s initial offer and
propose their own counter-offer. In this case,abeond player gets to make the final
proposal and would therefore be able to claimraltienefits. Indeed, in this form of
bargaining game it is always the player entitledmake the final offer in the

negotiation who stands to be most advantaged.

To increase realism, the usual assumption is Hehtmber of bargaining rounds is
unlimited since no player would agree to partiapat a bargaining institution in
which the other player was privileged with last raovadvantage. Moreover,
bargaining itself is considered a costly endeaveach time a player rejects an offer
they delay the reaching of an agreement and delsig are experienced by all buyers

since a further round of negotiation is required.

To understand how delay costs affect negotiaticoesisider a simple two round

negotiation; the first player makes a proposal twedsecond player has the option to
refuse and make a final counter-offer. With no gelasts, the first player can do no
better than make an offer that optimises the septager's outcome; any other offer

will be rejected by the second player allowing therachieve that same outcome with
their counter offer. When that rejection is assieclavith a delay cost, however, things
are a little different. The first player knows thathe negotiation goes to an extra
round of negotiation the benefits are reduced leyamount of the delay cost. As a
result, they can make a first round offer whichrok&that delay cost for themselves at
the expense of second player’s payoff. Indeedstibgame-perfect equilibrium in any
finite length bargaining procedure is determinedhsy delay costs to the players. If
there are unlimited rounds of negotiation thenhwijual delay costs, the equilibrium

will tend towards an equal split of the benefits.

In our simulation of negotiations between PES bsiyee use a multiple round
Stackelberg game and simplify by assuming equaydebsts for the buyers and
setting the delay cost at exactly the cost of glsifand parcel¢. Accordingly, with

each round of negotiation each budget-constraingdrincurs a cost which reduces

the number of land parcels they can afford to fopdne. Those negotiation costs can
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be simply included in the budget constraint preseim 2.3.3 according to:
N
Z cxp; <B—c(d—1)
j=1

where the budget is reduced by the product of tise@f a single land parceland the
round of negotiatior, such that in round one— 1 equals zero and therefore the full

budget is available.

In our analysis, we explore how different numbefrsaunds of costly negotiation
affect non-cooperative bargaining outcomes. Theimam number of rounds of
negotiation is denoted, we calculate solution vectoxg andx;, for a range ofl. In
addition, the buyer moving first is varied for eaxftthed, such that, a singlé gives
two solutions—one when buyer A is the leader infitst round and one when buyer
B is the leader in the first round.

To solve the Stackelberg game over multiple rowfdsegotiation we use backwards
induction, starting by setting = d we solve for a solution that optimises the begefit
realised by the buyer with the advantage of bemggpdroposer in the final round of
negotiation. The method then moves back one rofindgotiation so thad =d — 1
and the buyer that was previously the leader besdhefollower and the buyer that
was previously the follower becomes the leadethisproblem we know that the new
leader must make an offer that ensures that thewfet receives at least as much
benefit as realised in the solution to the probienend = d, minus the delay cost.
Following that logic back up through the roundsiegotiation of the game until =

1, we solve for the subgame-perfect equilibrium offade by the leader in the first

round of negotiation that will be accepted by tbikofver.

Since solving for optimal solutions to a multipleyler negotiated decision problem is
a difficult combinatorial problem, we employ a histic search method called the
genetic algorithrf? to solve the optimisation problem. An overviewtbé specific
algorithm used is given in table 2.3. The basiemse of the genetic algorithm is to
mimic the process of natural selection. To that, enany solution vectors (xz) of

the leader’s problem are generated and those @oluéctors together are called the

25 The genetic algorithm is from the branch of corepstience known as evolutionary computation
used for solving combinatorial constrained optirticsaproblems.
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population. The starting population is a numbeaotiomly generated solution vectors
across the solution space. The follower then per$on maximisation of their benefits
over thex;s not selected in the leader’s solution vector fheof the solution vectors
in the population. Thus the follower solves the samamber of problems as the number
of vectors in the population. The follower’s prablelead to different levels of benefits
for the leader and subsequently those solutioroveah the population that result in a
high payoff for the leader are selected for repotidn (or crossover) in the next
generation. The crossover process combinesn onex; with those of anothexr; to
create “offspring” that contain traits of batf). We use a uniform crossover method
(see Haupt and Haupt (2004)) that comparescttseof each parent one by one and
flips thex;'s in the offspring according to a probability paraeng(0.5 in our case)
from 0 to 1 or 1 to 0. To protect the genetic alfpon method from fixing on a local
optimum random mutation is added to the solutioctars, a mutation parameter of

0.001 is used such that approximately; In every 1000 is flipped.

Parameters for multi round Set: delay cost (cost of negotiation)
negotiation Set: maximum number of rounds of negotiation
Start Solved by backwards induction so start amthg&imum

number of rounds of negotiation and subtract tHaydeosts

from the budgets of the buyers.

1. Initialisation The ‘population’ of leader choicesrandomised for the first
iteration.
2. Fitness The follower moves second optimising théjective

subject to the leaders moves.

3. Selection The solutions are ranked according td#refit to the
leader and the top 50% are kept with the bottom 50%

discarded.

4. Crossover A new generation of populations are etehy recombining
thex™’s of two parent solution sets. In addition, thp to
performing population is carried over intact to tieav

generation.

5. Mutation A mutation operator randomly flipgs from ones to zeros

and zeros to ones. A mutation parameter of 0.00%as

such that approximatelyd; in every 1000 is flipped.
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6. Feasibility If the populations are infeasible iattthey do not meet the
budget constraint of the problem then they areacgu by a

randomly generated population that does meet tigeiu

constraint.
7. Update population The population of leader choisegpdated.
8. lterate until conversion The process repeats thilgenetic algorithm reaches

convergence in that no improvements in the objeotalue
is observed for a certain number of iterationsofin case 50

iterations).

Next round of negotiation * Leader becomes the Follower and vice versa

e Add the increment of the delay cost, c, to the letidd
both buyers.

* Include the constraint that the leader must ofier t
follower at least the amount they would have resgiv

as leader in the previous round.

Stop Since backwards induction is employed thegs®stops

when all rounds of negotiation have been solved.

Table 2.3. Genetic algorithm for non-cooperative miii-round bargaining.

Fully cooperative decision making

In the final multiple-purchaser decision makinglgem we imagine full cooperation
between the buyers. In this problem the buyers gpveontrol of their decisions to a
trusted third party who jointly optimises the olijees of both buyers. Recall, that
while our two buyers both receive benefits fromghee change in land-management
practices, they gain those benefits from the impiaate changes have on two different
ecosystems services and in different quantitieg. \izay in which the trade-offs among
ecosystem service benefits can be illustrated isguthe production possibilities
frontier (Nalle, et al. 2004; Kline and Mazzottal?() Lester et al. 2013). The
production possibilities frontier shows the combiioias of ecosystem services that can
be produced on a landscape given the landscapeacita for production. The
capacity depends on physical features such asizbe aso the existing land-use

patterns and the spatial characteristics and ictierss.

The production possibilities frontier combines tmnplex relationship between the
production of one ecosystem service in terms optiegluction of another ecosystem
service. In Figure 2.2, we show an example with éeosystem services (1) and (ll).
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The production possibilities frontier traces owd timit of the joint production of both

ecosystem services given a fixed set of inputstecithology. In Figure 2.2 any point
inwards (to the left) of the production possibdgi frontier is an achievable
combination of the production of the two ecosysta&rvices and any point outwards
(to the right) of the production possibilities ftear is unattainable given a fixed set of
inputs. In our case, the set of achievable comimnatof production is defined by the
set of all possible configurations of land paraatswhich the two buyers could fund

land-management changes within the limits set by tonstraints.

Ecosystem service (Il)

Ecosystem service (1)

Figure 2.2. Example of joint production possibilites frontier for ecosystem

services.

Point (a) in figure 2.2 represents the ecosystawicgelevels enjoyed by each buyer
under some current funding allocation resulting @n particular landscape
configuration. Pareto-improving outcomes would besthat lead to landscapes that
provide greater production of both ecosystem ser{licand ecosystem service (ll).
From point (a) anywhere within the dotted linesyies a Pareto-improvement and

the ideal outcome would be to move onto the pradogiossibility frontier itself.

The frontier itself is based on a fixed set of tese inputs and a fixed level of
technology, if those inputs or technology are cleghgor example, by a buyer
increasing their budget so they can pay for mard [garcels then the frontier can shift

(outwards for increasing inputs and inwards forrdasing inputs).

The frontier can also be defined by its shape, whescribes the relationship between

the production of the two ecosystem services, fogvéew of the different possible
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shapes in the context of marine ecosystem sers@me80x 1 in Lester et al. (2018).
The three frontier shapes most widely discusse()aaalirect trade-off, (ii) a concave
trade-off and (iii) a convex trade-off. A direcatlte-off between the two ecosystem
services results in a linear production possib#itirontier, in that situation a land-use
pattern that increases the provisioning of oneisemesults in a proportional decrease
of the other service, with no diminishing returAsconcave frontier, as in Figure 2.2,
means that although there is a trade-off, theresegearios that increase the delivery
of one service substantially without a large coghe other service. A convex frontier
means that achieving even a small increase innbnvgoning of one service comes
at a large cost for the other service (Lester.2@l3). Some have also suggested the
complex production of ecosystem services may bgsutm non-convexities (such as
non-monotonic trade-offs or threshold trade-ofigth Brown et al. (2011) showing

this to be the case when strong positive exterealdre present.

To form the production possibilities frontier fovd ecosystem services requires a
method of joint optimisation in which consideratigrgiven to the differing objective
functions of the two buyers. In this chapter, we tise e-constraints method. To
implement thes-constraints method one objective is maximised sthiltroducing a
constraint that the second objective must readdast a certain level, by varyinge

it is possible to trace out a whole production gmkBes frontier. Thes-constraints is

given as follows:

Buyer Problem Solution Vector
ma))((FA(x)
Buyer A and xj€ *
Buyer B s.t.Fp(x) 2 ¢ Vie{l2,..,M} Xc
Ga(x) <0

whereF, (x) is the objective function of buyer A afg(x) < ¢; ensures that the buyer
B’s objective value is at least the valgg with i representing the choice of one
objective value out o¥ for the second buyer. Agaiy (x) represents the constraint

set of the first buyer and the joint solution veasogiven byxg..

26 The absolute slope of the production possibilifiestier is called the marginal rate of
transformation, it is the rate at which one ecasysservice must be given up to produce more of the
other ecosystem service.
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Comparing the non-cooperative solutions with thedpction possibilities frontier
allows us to examine the potential for gains fréma different decision making to be
assessed. For example, if the non-cooperativeigotusit to the left of the frontier,
then we know that a cooperative solution has therg@l to produce more ecosystem

services for both buyers with the same fixed inputs

2.5. Simulation 1

In this section we employ methods of simulationetglore outcomes under the
different types of multiple-purchaser PES instdns outlined above: independent and
simultaneous, sequential, negotiated, and cooperafur simulation environment
maintains the assumption that the PES consistssotyo buyers. Both buyers wish
to fund the same land-management change on lagelpan a landscape but realise
benefits from those changes through increases indifferent ecosystem service
flows. In the initial simulations reported in thgection, we adopt the simplest
assumption regarding the production process una@m) ecosystems services. In
particular, we assume that the benefit realiseda lipuyer from a change in land-
management practice on any one parcel is a conftahis independent of land-
management practices on adjoining land parcelsoOfse, those benefits may differ
across the landscape such that there is spataidgeneity in production (see Section
2.3.2). Likewise the benefits realised from changesa particular land parcel may
differ across the two buyers. Indeed the key isseeexplore in this simulation
environment is how outcomes differ under differassumptions regarding the level
of correlation in the two buyer’'s benefits acrossd parcels. Negative correlation
(trade-offs) occur when an increase in one buyeeisefits comes at the expense of
the other buyer. Positive correlation (synergi€guo when an increase in one buyer’'s
benefits causes an increase in another buyer'siteeriethat correlation is positive,
then both buyers will be motivated to invest in s in the same land parcels
through the PES, if it is negative then the two dmywill target land-management

changes in different land parcels.
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Setup

To explore those issues we created a simulatioma@maent consisting of 225 square
parcels of equal size arranged on a 15x15 squad®.gn each land parcglsome

form of agricultural production is taking place.rfRbe purposes of providing clear
results, we assume a single land-management cliemgdand parcel produces two
ecosystem services, one is beneficial for buyendthe other is beneficial for buyer
B. The key consideration of the buyers, resultsnfrihhe spatial heterogeneity in
benefits and therefore the difference in benefislised at different locations; for
example, one particular land parcel may produc# aflthe ecosystem service which
is beneficial to buyer A if switched to an alteimatland-management practice but

very little of the ecosystem service beneficiabtyer B.

Our simulation environment allows us to constrwaidscapes that offer different
spatial patterns of benefit to the two buyers. baeefits to each buyer are simulated
using two random draws from the standard normaiidigion to create two vectors
of benefitsb, andb,, following this we define a third vectdy, =rb, + \/1—71),%2,
whereb,, is also standard normal amdis the correlation coefficient between the
vectorsb, andb,,. The benefits across the landscape for buyer Abearepresented
by b, and for buyer Bb, andr can be varied from -1 to 1 to create specified
correlation between the buyers’ benefits. It shaldd be noted that the benefit vectors
are shifted such that each element is strictlytp@siTo illustrate observe Figure 2.3
which depicts three different simulated landscapasdiffer with regard to the levels
of spatial correlation in the two buyer’s benefscoefficient of 1 specifies that the
benefits for buyer A are perfectly positively cdated with buyer B, a coefficient of
0 specifies no correlation, and a coefficient ofpékcifies perfect negative correlation
between the benefits of buyer A and buyer B. Irfithére darker cells represent higher

levels of ecosystem service benefits to the buyer.

27We use a square land parcels on a square landst4pg15 land parcels for the simulation
environment analysis although it should be noted tiile same methodology can be applied to other
geometric designs. As suggested by the agglomerbtiaus literature using network games in
laboratory experiments the shape of the networiaape can affect the outcome (Cassar 2007;
Banerjee et al. 2012; Banerjee et al. 2014). Thémimething we do not explore in this thesis but

could be a topic worthy of future research.
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Buyer A Buyer B

Perfect
Negative
Correlation
r=-1

No
Correlation
r=0

Perfect
Positive
Correlation
r=1

Darker cells represent higher ecosystem serviceftieno the buyer.
Figure 2.3 Ecosystem service benefits to the buyeshowing three different

correlation coefficients

Given these assumptions, we can produce a spdoific for the mathematical
programme describing each buyer’'s PES purchasicigide problem. In particular, a
buyer whose benefits are dependent on the spatiatdgeneity of the landscape can

be represented using an objective which maximisesuim of benefits; realised by

the buyer from funding changes on land parcelssthileeting a budget constraift,
(equation 2.14¥:

mfo(bjxj)
J
s.t. Z (cx)) <B (2.14)

x €{01} j=12,.. N

28 \We have chosen to use a budget constrained optionisproblem although this could easily be

substituted for a target constrained or profit maging objective.

85



where we assume that the benefits to each buyestiacdy positive such that each
land parcel when converted to an alternative lamdragement practice contributes at
least some small positive benefit. Furthermoreassime that the costsare uniform

across the whole landscape.

Our simulation environment was developed in MATLRR013a and used the solver
CPLEX 12.5.1 to identify optimal solutions to timedger-linear program described by
the PES purchasing problem in (2.14). Modellinglibger’s choices as integer linear
programmes creates complex combinatorial problémtemselves they are difficult
optimisation problems to solve, however, in ouroteged and cooperative multiple-
purchaser decision we introduce substantial additioomplexity. In our negotiated
decision making model we nest the integer-lineagmmme within a heuristic search
method, the genetic algorithm, which is solved @aeumber of rounds of negotiation.
In our cooperative decision making model we joirptimise the objective functions
of two buyers’ PES purchasing decisions and soludtiphe times to trace out the
production possibilities frontier. A sample of tbede used to achieve the results is

available in appendix B2.
Results

Figure 2.4 provides a graphical illustration of BIEES-purchasing outcomes under the
four different institutional setups. The Figure wisoempirical outcomes from our
simulation illustrating for each institution thenedits realised by Buyer A against

those realised by Buyer B.

Observe that independent and simultaneous degisaiing gives a single solution in
which both buyers act independently. In contrasiugntial decision-making could
result in one of two solutions; one in which Buyemoves first and one in which

Buyer B moves first. Finally, negotiated decisioakimg results in a range of solutions
depending on which buyer makes the first offer,rthmber of rounds of negotiation,
and the costs to each buyer of a delay in reachibgrgaining solution. In figure 2.4
we visualise a selection of negotiated outcomegdnying both the number of rounds

and negotiation and which buyer makes the firsppsal.

Interestingly, with two buyers whose benefits depenly on the spatial heterogeneity
across the landscape we find that one round negdtiecision making in which buyer

A is the proposer provides the same solution aseheential solution in which buyer
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B is the first mover. Clearly, this is a resulttbe simplifications assumed in this
simulation environment. In particular, the unifonosts across the landscape mean
that each buyer can afford exagtlyand parcels, the buyers will therefore choose the
p land parcels that provide the most benefits tonth€he best land parcels for one
buyer will either be common to the other buyer ot, the interesting case is when
common land parcels are in both buyers’ hesand parcels. In that situation, one
buyer gains an advantage from either being theeteiadhe one round negotiation, in
which case they can leave the common land paroekhé other buyer and buy their
second best land parcels, or as the second motee sequential decision making in
which case the other buyer will have already puseddahe common sites.

Production possibilities
frontier from the
L cooperative solutions

Over increasing

2 - rounds of negotiation

© One round negotiated the solutions

% solution (buyer B converge

0o | leader) — equivalent to

CE buyer A moving first in

a; the sequential solution °

S L L P

@ Q‘” One round negotiated
Independent and 3 solution (buyer A

simultaneous solution
buyer B moving first in

0. leader) — equivalent to
\the sequential solution

e

Buyer A benefits

Figure 2.4. An example landscape with no correlatiobetween the ecosystem
services, showing solution outcomes for all four mecooperative and

cooperative decision making problems.

Figure 2.4: The benefits to each buyer are correlated randalues simulated using the process

outlined in the setup.

The equivalence between the sequential and neggtattcomes only applies to the

one round negotiated solution. As the number ohdsuwf negotiation increases, the
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negotiated solutions tend to converge. For the neahea of this simulation we focus
on the negotiated solutions over the sequentialtisol, however, in the second
simulation we investigate spatial interdependemcthé ecosystem service benefits
flows such that the equivalence between the twasiabec making problems is no

longer present.

From the example results in Figure 2.4 it is cléeat negotiated decision making
provides Pareto-improving solutions when compandddependent and simultaneous
decision making, moreover, cooperative decisionintaRrovides Pareto-improving
solutions on negotiated decision making. For coaper decision making, both
buyers give up power over their decisions to adtpiarty, by jointly optimising the

objectives of both buyers we see a Pareto-effigendluctions possibilities frontier.
Negotiated decision making

For each different negotiated solution that lietowethe production possibilities
frontier, cooperative decision making offers th@aunity for Pareto-improvements
that would take the outcome to the production foléses frontier. Moreover, if there
exists a Pareto-improving zone, which we defindeasible solutions that provide
Pareto-improvements for both buyers over all trgotiated outcomes, then there must
exist solutions which Pareto-dominate any negdfidb@rgaining outcome. This
distinction is important because if a Pareto-imprgwzone exists then, whatever the
result of the negotiation, each of the buyers @atige a Pareto-improvement from
participating in a cooperative mechanism. ThesetBamproving zones are akin to
the self-enforcing properties of cooperative inéional environmental agreements
discussed in Barrett (1994) such that neither bwaild be willing to sign up to a
cooperative agreement (or indeed stay in a codgeragreement) if they have a more

attractive alternative option.

Our simulations reveal that Pareto-improving zoteesl to exist when correlation is
low to moderate. In other words, when the two pasels prioritise different land
parcels. If the two purchasers both prioritise gfegnin land-management practice on
the same land parcel, then the opportunities foetBamprovements decline; above a
certain threshold in the correlation coefficierpfeox. r= 0.65) we see a switch from
the Pareto-improving zone existing to it not exigtiWwhen both purchasers prioritise

the same land parcels (very high positive corretgtihe advantages from being the
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proposer in the negotiated decision making probilatrease so that the negotiated
solution moves closer to the frontier, as illustdhin Figure 2.5. The figure shows two
scenarios, one with high positive correlation betwéhe ecosystem service benefits
and one with low positive correlation, for eachren@s two solutions are plotted

using the results from one round of negotiatiore mnwhich buyer A is the proposer

and one in which buyer B is the proposer.

Pareto-improving

zone: [ No Pareto-improving

Opportunities for zone
One round bargaining ~_| jParetmmprovements_ \ ___________

with buyer B the 3 over any negotiated
proposer > Jtcome .

One round bargaining
with buyer A the proposer

Buyer B benefits

a) Low positive correlation r = .25 | b) High positive correlation r =.75

Buyer A benefits

Figure 2.5. One round negotiated solutions showingareto-improving zone in a)
with low positive correlation but not in b) with high positive correlation.

Figure 2.5: The benefits to each buyer are correlated randdoes simulated using the process
outlined in the setup.

As well as comparing the negotiated solutions & dboperative solutions defining
the frontier, we can compare the extreme (one rafniegotiation) outcomes with
each other; in other words, compare the solutiomrwhuyer A makes the only
proposal in the negotiation to the solution whepdsB makes that proposal.

Figure 2.6 plots, for five different randomly siratéd environments, the Euclidean
distance between the one round negotiated solufmms in which buyer A is the
proposer and one in which buyer B is the propoaernhe correlation coefficient is
varied between -1 and 1. The results show thathfonegotiated solution, advantages
from being the proposer can be observed above eelaton coefficient of
approximately -0.4, peaking at moderately high leweé positive correlation. In other
words, the first proposer advantage is largest videth the buyers prefer similar land

parcels. To understand why this is so, imaginéuason in which both buyers get lots
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of benefit from a particular land parcel, ‘land ez Now, if buyer A is the proposer,
they know that buyer B also values ‘land paz¢lighly and will be prepared to pay
for changes in land-management practices at thatitm. Accordingly, buyer A’s best
strategy is to allow buyer B to pay for ‘land pdrzewnhilst focusing their buying
efforts on other valuable land parcels that buyerlBnot want to fund. This gives an
advantage to buyer A because buyer B will pay lerland-management change on
‘land parcelz that buyer A would have been prepared to funchv@osely, if buyer B

is the proposer, then they get an advantage.

Figure 2.6 also shows a decline in the first prep@slvantage when the correlation
coefficient is very highly positive, this declineaurs because the buyer proposing first
is likely to replace ‘land parced with another land parcel that is beneficial t@ th

second buyer because of the similarity in the baipeeferences.

14
Simulations

varying benefits
across the —
landscape.

12—

10~
Mean —

Euclidean distance between extreme

(one round) strategic solutions
?

[

| | |
1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Correlation coefficient

Figure 2.6. First mover advantage — measured as th&uclidean distance

between the one round negotiated solutions (soluhiamne is buyer A as the

leader and solution two is buyer B as the leader).
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Cooperative decision making

Figure 2.7 builds on information in Figure 2.4 e production possibilities frontier,
specifically it shows the production possibilitfesntier for ecosystem service benefits

as the correlation coefficient)(is varied between 1 and -1.

The first thing to notice is that the frontiers dot reach the axes, this results from
modelling all the benefits as strictly positive,@gen using all the fixed resources to
maximise buyer A’s benefits leads to buyer B reiogjsome positive benefits. Figure
2.7 also shows differences in the shape of thei&oas the correlation is varied. When
the benefits are perfectly negatively correlated (1) the rate at which buyer A’s
benefits have to be given up for buyer B’s benefitsonstant and we see a straight
line on Figure 2.7. The shape of that productiosspulities frontier follows from the
assumptions of our simulated environment. Spedlficas the cost of each land parcel
is uniform across the landscape, the only importactor for the buyers in choosing
where to pay for land-management changes is thefiber-or example, imagine the
best we could do for buyer B in a cooperative tastn is to use the combined budget
to purchase the tgpparcels on their ordered list, which as a redyttesfect negative
correlation will also constitute the worsparcels on buyer A’s list. To construct the
production possibilities frontier, we would thensWwito increment buyer A’s benefit
while maximising the benefits realised by buyer@ven each land parcel can be
funded at constant cost, that would mean choogiagand parcel one position up
buyer A’s ordered list, which (because of perfeegative correlation) is also one
position down buyer B’s ordered list. It followsatheach time we perform this
calculation we add a constant to buyer A’s berafd take a constant decrement from
buyer B’s benefit. The production possibilities rfi@r must, therefore, fall at a
constant rate as we trade-off buyer B’s benefgggbmore for buyer A. At the other
extreme with perfect positive correlatiorn=(1) we only a single point. With perfect
positive correlation the two buyers have exactlyyshme ranking of the land parcels.
It follows that the same land parcels will be pa®id regardless of how the combined

budget is divided between the two buyers.
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r=-1 r=-75 r=-5r=-25 r=0r=25r=5r=75r=1

* \

Buyer B benefits

Buyer A benefits

Figure 2.7. Joint production possibilities frontier with varying correlation in the
ecosystem service benefits.

Figure 2.7: The benefits to each buyer are correlated randaoes simulated using the process
outlined in the setup.

As the correlation coefficient increases from -1 all the way up to = 1 we see a
pattern of the frontier shifting outwards. Such att@rn exists because a higher
correlation coefficient means that an increasingioer of land parcels are highly
beneficial to both buyers so that it is possibleatieve Pareto-improving joint

production.
Comparisons of different PES purchasing institutisn

For the final analysis in simulation 1 we look la¢ difference in the solutions across
different PES-purchasing institutions; in particulandependent and simultaneous
decision making, negotiated decision making ancpecative decision making. Due
to the similarities in the sequential and negotigiene round) solutions we do not

include sequential decision making in this commarisAs a measure of difference
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between the solutions from the decision making leros we take the Euclidean
distance in benefits. Due to cooperative and natgti decision making having
multiple solutions, the minimum Euclidean distaixased®, as such the differences
between the solution methods can be viewed as o@tse. The results are presented
in Figure 2.8 (a, b, ¢) which shows results frosedes of five simulations in which
the distribution of benefits across the landscapamdomly varied. The darker lines

represent the mean value of the five simulations.

a. Cooperative versus negotiation decision making.
Figure 2.8a shows the minimum Euclidean distant@dxn the cooperative solutions
that define the production possibilities frontiadahe negotiated solutions. At the two
extremes in correlation, the negotiated solutiomades with the frontier such that
there is no difference between the two. The sahstiooincide because at perfect
negative correlation the land parcels that offer iighest benefits for buyer A offer
the lowest benefit for buyer B, as such the codperaolution determines how much
of the combined budget goes towards paying for-laadagement changes on land
parcels offering high levels of benefits to buyeraAd those parcels offering high
levels of benefits to buyer B. The solutions cailecat perfect positive correlation
because the same land parcels offer high levabeéfit to both buyers, as such the
exact same land parcels would be paid for whetlyers act cooperatively as would

be if the buyers were acting in their own self-iast.

If the negotiated solution is on the frontier, négted decision making is Pareto-
efficient. At all other correlation coefficient weds we see opportunities for some form
of cooperative mechanism to do better than non-e@iwe negotiated decision
making. Observe that the largest Euclidean distieteeen the negotiated solution
and the frontier tends to be larger when benefés@oderately negatively correlated
and decreases as the correlation coefficient iseseaAt negative correlation
coefficients, the land parcels offering high betseto one buyer are likely to provide
low benefits to the other buyer. As such, the bsitamking in a non-cooperative

2 For the strategic solution, we calculate onlytihe extreme one round negotiation solutions and
calculate the minimum Euclidean distance from the $olutions. Although it is possible to calculate
the whole range of strategic solutions for eachetation coefficient value the computational time

would be substantial due to the nested integerrpmme and genetic algorithm running time.
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strategic way optimise by choosing land parceld #ra best for them, but these
provide little benefits to the other buyer. In tte®perative solutions, the optimal land
parcels are those that provide the highest totaéfite as such land parcels which
provide a medium level of benefits to both buyees/iibe Pareto-improving. It follows

that cooperative PES purchasing institutions &edytito offer greater efficiency gains
when benefits are less positively correlated.

b. Negotiated versus independent and simultaneous sleai making.
Figure 2.8b shows the Euclidean distance betweemégotiated solutions and the
independent and simultaneous solution. At highlyatiee correlation coefficients the
two buyers have preferences for different land garas the coefficient is increased
the number of land parcels that the two buyers dbokh choose increases and so in
the independent and simultaneous solution theaehigh level of stacking or double
payments. Subsequently, at higher levels of p@sttivrelation there is an advantage
in terms of efficiency for the purchasers, of indgtons which allow buyers to think

strategically in making purchasing decisions.
Cooperative versus independent and simultaneoussies making.

Figure 2.8c shows the difference between the cadper solutions and the
independent and simultaneous solution. The solsiwa identical at perfect negative
correlation because, as stated previously, thexenaropportunities for gains from
cooperation. As the correlation coefficient is eased the Euclidean distance between
the solutions increases up to a peak at perfeatiyogorrelation. The Euclidean
distance increases at negative correlation coefftsifor the same reasons as outlined
in a.), furthermore at positive coefficients theckadean distance increases due to the

double payments reasons outlined in b.).
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2.6. Simulation 2

In this section, we introduce a more complex sitnotteenvironment which allows us
to illustrate how the framework outlined in thisagiter can be used by policy makers
to assess the potential for multiple purchaser ptarik a more realistic situation. The
framework set out in this chapter is very genemalhiat it can incorporate different
buyers’ objectives, for example objectives for eiéint ecosystem service benefits,
and include different constraints on those obj@&sjyn addition, the framework solves
a variety of PES purchasing institutions and ddes bver a variety of spatial
landscapes. Here we present one specific simulatiwironment in which we found

significant possibilities for Pareto-improvementoingh cooperative institutions.

In this simulation environment, we again limit ceikges to the two-buyer case. One of
those buyers resembles the buyers described ilaiorul insomuch as their benefits
depend on the spatial heterogeneity of benefitesacthe landscape; each location
offers a fixed benefit but those benefits differass the landscape. In contrast, the
second buyer’'s benefit flows depend on spatialrdeigendency, specifically the
connectedness of the land parcels brought undernative land-management

practices.

Let us assume once again that the change in lamagpanent practice involves taking
a land parcel out of production (or at least moviaglow intensity agriculture).
Moreover, we can imagine that the buyer whose hisné&épend just on the location
of land parcels to be a water company. We assuatéttd value of taking a parcel out
of production to the water company depends onltherproximity of that land parcel
to water courses from which the company abstramtsvater supply. Likewise, we
could imagine the buyer whose benefits depend ercdimnectedness of land parcels
to be the government interested in paying for larafragement changes that would
improve biodiversity. By introducing spatial integendence into benefits we
necessarily create a non-linear decision problentHe buyer. We show how our
framework of methods is capable of creating sohdioeven for spatially
interdependent benefits by forming a linearisedsiogr of the buyer’'s decision

problem.
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Setup

Consider the same size landscape as simulatidzblsquare land parcels arranged on
a 15x15 grid. This time however, that landscapestitaies a single catchment with a
river system that flows through that catchment froonth to south. Figure 2.9 shows
the landscape with cell through which the rivenisodepicted in blue and other wholly

agricultural land cells depicted in red.

Figure 2.9. An example water catchment landscape drriver, partitioned into
square land parcels.

In each land parcg| including those that contain the river, some fafmagricultural
production is taking place. The agricultural praitut leads to an initial level of
pollution entering the water system, in additioa farmland supports an initial level
of biodiversity. Both the water company and the egoment are interested in
improving on these initial levels of ecosystem g (reducing water pollution for
the water company and increasing biodiversity fiergovernment). Again we assume

that cost of taking a land parcel out of agricidtyroduction is a constant,

Water quality buyer

As in simulation 1, equation 2.14 shows the optatias problem for the water

company withb; again representing the benefit value at land pgrdeowever this
time b; is formed by taking the Euclidean distances toriver and adding Gaussian

noise, with meal and standard deviatien The resulting; are shown in Figure 2.10
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in which darker cells represent those cells withhkr benefits to the water company.
The more valuable cells are clustered around tteg, nwith cells further from the river

decreasing in value to the water company.

Figure 2.10. Ecosystem service benefits to the albste spatial configuration
buyer.
Biodiversity buyer

To represent the biodiversity buyer we imagine byedive of creating large / well-
connected reserves, that is, contiguous land partaten out of agricultural
production. A suitable method, taken straight fritv@ reserve selection literature, is
to choose so as to minimise the sum of the dissaheeveen neighbouring selected
land parcels (Onal and Briers 2005; Williams, e2805):

min Z Z e i (2.15)

JEJ k>j

N
z cx; <B (2.15a)
=1
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whered;y, is the pairwise Euclidean distance between lamdebpand land parcek.

The constraint ensures that the budget limit ioeeid®. However, the objective
function (2.15) is quadratic such that it cannotdm@mply included in the linear
programming framework of methods outlined in thisater. To enable this objective
function to be included in our framework we conued problem to a linear problem

by introducing two new constraints as shown inftlkewing:

min ) D dy (2.16)

JEJ k>j
S.t.u]'k Sx] V]E],VkED],k >]
(2.16a)
u]‘k < Xk

whereuy, =0 or 1; itis 1 if land parcefsandk are both selected and O otherwise. The
two constraints (2.16a) ensure the definition efbimaryuw;,, variables, for example,
if uy is 1 then both; andx, must be greater than or equal to 1, since theylace

binary variables they both have to equal 1. Finalg take the inverse of the distances
dji, and maximise, so we are maximising the sum ofrtherse pairwise Euclidean

distances in our integer linear programme for tioeilersity buyer:

Max z Z (ﬁ) Ui (2.17)

JjEJ k>j
s.t. u]'k Sx] V]E],VkED],k>]
ujk < Xk

Zcx]- <B

J

(2.17a)

Now, since both the problem of the water qualitydnand the biodiversity buyer can
be expressed in a linear programming model they lmarnncorporated into the

framework of methods outlined earlier in the chapte

% A species selection constraint can also be addétiform:y; §;;x; > 1, whered,; is a parameter
in which §,;= 1 if parcelj contains species andd,;= 0 otherwise. A species selection constraint

ensures that at least one land parcel containiclg g@ecies is selected and is a common method used

in the conservation biology literature.
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Results: Water quality buyer and a biodiversity lauy

To visualise the results we present the simulatimmdscape in Figure 2.11,
highlighting the specific land parcels purchased thg two independent and
simultaneous buyers and one example from both #mge of negotiated and
cooperative solutions. In the figure the land plsrpaid for by the water quality buyer
are depicted in blue, those paid for by the goveminbiodiversity buyer are depicted
in green, those in which both buyers paid for thme land parcels are depicted in
yellow (these are stacked payments and are onlijcapfe to the independent and
simultaneous PES purchasing institution) and thisghich the cooperative buyer
acting on behalf of both buyers paid are depicteavinite (applicable only to the
cooperative institution). For the negotiated solntiwe show an example from an
institution with one-round of negotiation in whithe water quality buyer was the
proposer. For the cooperative solution we showxamgle which lies in the Pareto-
improving zone, as a reminder, that defines thsilida solutions that provide Pareto-

improvements for both buyers over all the negotiaetcomes.

Figure 2.11a illustrates the independent and sanattus solution landscape when
each buyer acts independently. In this solutionabse the buyers have not considered
the existence of other buyers, it leads to a sul@btconfiguration of land parcels
being taken out of production. Observe in figurgl2. the water quality buyer pays
for land parcels along the river to be taken ouprafduction as those parcels lead to
the highest benefit, the biodiversity buyer howeyeitys for land parcels that creates
the largest contiguous collection of sites. Thedhiersity buyer does not take
advantage of the land parcels paid for by watedityuhuyer; for example, the
biodiversity buyer could have used the concentnatibland parcels funded by the
water quality buyer in the north west of the laragsxto create a larger contiguous
area of land taken out of the agricultural produrctihan they could thinking
independently about their PES purchasing choites.this lack of consideration for
the other buyer that leads to the suboptimalitythed independent simultaneous
solution. Furthermore, the independent solutiosuisoptimal in this case despite not
having any stacked payments for a single land parcecenarios in which stacked
payments exist, the independent and simultaneoligico would be even less
desirable.
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Figure 2.11b illustrates one particular solutioisiag from the negotiation between
the buyers. The major difference between the indéget and simultaneous solution
and the negotiated solution can be seen in theidocaf land parcels paid for by the
biodiversity buyer. Indeed, the figure shows thedbiersity buyer has changed the
locations in which they purchase land parcels ke tdvantage of the configuration
of the water company’s purchases. Neverthelessy#tter quality buyer also makes
strategic decisions, and these decisions vary dipgron whether they are the
proposer or not in negotiated PES purchasing uttii. When the water quality buyer
Is not the proposer it simply chooses the best [zardels in terms of water quality
(from the remaining land parcels after the goveminteas chosen). Alternatively,
when the water company is the proposer it choosssiéh a way as to influence the
government into buying the land parcels that arefeial to the water compatly
The solution shown in the figure has more contiguiand parcels in the PES scheme
and those land parcels are located close to tke siistem. The contiguity of the land
parcels taken out of agricultural production insiag the benefits for the biodiversity
buyer, the location of those parcels also has tieeteof increasing benefits for the
water quality buyer because more land parcels dlmslee river are converted to an
alternative land-management practice. We see thefitefor the water quality buyer
increase from 309.6 to 393.2, an increase of 2T tlae benefits for the biodiversity
buyer increase from 54 to 61, an increase of 13%spared to the independent and
simultaneous institution. Hence, we conclude that,our simulated environment,
negotiated decision making Pareto-dominates inddgrgrand simultaneous decision

making.

Figure 2.11c illustrates a cooperative solutiotingiton the production possibilities
frontier. The pattern of land parcels in which taad is taken out of agricultural
production is different to the patterns seen in niegotiated and independent and
simultaneous institutions. Since the land parcetschosen to jointly maximise the
benefits for the water quality buyer and the biedsity buyer, those land parcels
which simultaneously provide connected land pareeld land parcels close to the
river system are favoured. The example solutiorsgreed in the figure shows the
benefits for the water quality buyer increase fr8®3.2 to 420.0, an increase of 7%,

and the benefits for the biodiversity buyer inceetem 61 to 64, an increase of 5%

31 Only if, that strategy provides more benefits alleio the water company
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over the negotiated solution. As such, the solus@Pareto-improvement on the non-
cooperative solutions and is achieved by considdyoth buyers’ objectives together.
Hence, cooperative decision making, such as when tého buyers give up
responsibility for their choices to a trusted bnokeorking to their mutual best
advantage, Pareto-dominates both independent andtaneous and negotiated non-
cooperative decision making. It is interesting dmttast these results with the results
from the international environmental agreementdiigre, for example Barrett (1994)
conclude that cooperative self-enforcing internaleenvironmental agreements may
not be able to substantially improve on the nonpeoative outcome, particularly
when the number of parties is large. All the respitesented here are for just two
ecosystem service buyers, it would be interestinpé future to expand our analysis
to more than two buyers and see if the Pareto damoim of cooperative decision
making is still present or if we see results simiathe IEA literature between the

cooperative and non-cooperative outcomes.
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a. Non-cooperative independent and simultaneous

Benefits
Water company = 309.6
Government = 54

(biodiversity)

Water buyer | Government

buyer
1 1
Both buyers
1
b. Non-cooperative negotiated solution
Benefits

Water company = 393.2
Government = 61

(biodiversity)

Water buyer | Government

buyer

(I I

c. Cooperative solution on the production possib#it

frontier

e

Benefits
Water company = 420.0
Government = 64

(biodiversity)

Cooperative
buyer

]

Figure 2.11. Example naive, strategic and cooperag simulation solutions to

the problem of simultaneous purchasing from multipé buyers of ecosystem

services.
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2.7. Conclusion and discussiod

In this chapter, we have developed a powerful éadidle method for exploring the

outcome of different purchasing institutions in &3° scheme with multiple

independent buyers. Moreover, the analytical fraotéwe describe can be used to
identify optimal multi-objective patterns of landas The general framework, which
we have illustrated in two examples, allows impatteharacteristics of PES to be
incorporated, such as different costs and bengbts a land-management change,
different buyer objectives, and importantly thetsgaharacteristics and dependency

of the ecosystem services.

We have highlighted four multiple-purchaser decisioaking problems: independent
simultaneous decision making, independent and s¢i@udecision making, strategic
negotiated decision making, in which buyers corsimav the other buyer will react
to their spatial choices of where to purchase estesy services, and fully cooperative
decision making, in which, both buyers benefitsrfrthe ecosystem services are
optimised jointly by a third party. These decisioraking arrangements are not
exhaustive of all potential arrangements betweehiplel buyers but instead show a
range of decision making problems which increas&rategic sophistication and the
level of cooperation between the buyers. Our ingaBbn shows that negotiated
solutions (of which there are many) Pareto-domin#te independent and
simultaneous solution, suggesting that, as a mimiastitutions should be created
that coordinate and facilitate negotiation betweeosystem services purchasers in a
particular landscape. Moreover, for many problehesd exist a set of cooperative
solutions that Pareto-dominate all negotiated swistsuggesting that coordinating
action through empowering a trusted broker to nteaesions on behalf of both buyers

could potentially benefit both buyers.

We create two simulation environments in whichest tour framework. In the first
simulation we investigated the effect that corielain the production of ecosystem
services has on the efficiency for the multiple énsyusing our four decision making
problems. The results show that negotiated decisiaking and cooperative decision

making provides Pareto-improvements over independed simultaneous decision

32 Further concluding remarks on all three chapiarahich we highlight potential future extensions,

can be found at the end of this thesis.
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making in the majority of scenarios. For each imdlral negotiated solution, Pareto-
improvements are possible by employing a cooperatistitution for all correlation
values apart from perfect negative or perfect pasitorrelation, in which they do
equally well to the cooperative solution. For neégfed decision making taken as a
whole, we find that a Pareto-improving zone existsall positive correlation values
less than approximately r = 0.65 (high positiverelation) and for all negative
correlation values apart from perfect negativealation. The difference between the
cooperative and negotiated solutions is highestnwiiie ecosystem services are
moderately negatively correlated, in other wordsewhhe buyers tend to favour
different locations. It follows that cooperative Burchasing institutions are likely
to offer greater efficiency gains when benefits lass positively correlated. For the
ecosystem services we consider in this chapteh, asibiodiversity and water quality,
the evidence suggests weak positive correlatiomsaanly likely. Maes et al. (2012)
show a link between habitats in favourable consemastatus and regulating
ecosystem services such as water quality and Ghen(006) provide evidence that
such correlations between ecosystem serviceskalg to be weak, their results show
correlation coefficient of less than +0.3 for all Bairs they assess apart from carbon
storage and water storage which has a correlatefficient of 0.58. Therefore PES
purchasing institutions for the type of ecosystemvises we consider here are likely

to offer moderate gains.

Our second simulation environment reflects a mapmlex and perhaps realistic
situation. A landscape of agricultural land parcatsl a river was created and two
buyers imagined, one (a water quality buyer) whioseefits relied on the spatial
heterogeneity of the landscape—sites closer taittee were more beneficial to a
water quality buyer—and another (a biodiversity émiywhose benefits relied on the
spatial interdependency and configuration of thed$gape—connected habitats
provide more benefits to the biodiversity buyer. Hgtroducing spatial
interdependence into either the costs or benefsecessarily create a non-linear
decision problem for the buyer. We show how a noedr spatially interdependent
problem can be linearised and solved within oumfeork. Indeed, any buyer’s
decision problem can be included as long as itlmamepresented in a linear way.
Policy makers are thus able to use the methodhegtliin this chapter to study specific
landscape configurations solutions. Moreover, theneéwork of methods can be used
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by a third party broker to generate real solutioesactly which sites to purchase and
who should purchase them—that Pareto-dominate amytiens that could be

negotiated by multiple purchasers thinking in tlweun self-interest.

In this chapter we assume a number of simplificetito provide clear results but real
world complications and heterogeneity can stragtérdly be included in the
framework of methods. The framework we proposeagable of incorporating real
world data where such data exists, for examplgherpotential costs and benefits of
providing ecosystem services. In addition, spegibtthe spatial landscape can also
be included. Throughout this chapter we have asduhat the land parcels are exactly
the same size and shape and that they can be padchaindividual parcels, in reality
there may be large land parcels, small land pasgdsalso farmers not interested in
participating in the scheme. Although these issa@d complexity, there are no
theoretical barriers that mean these nuances cmilte incorporated into expanded
versions of the methods outlined in this chaptez.N&ve also arranged all land parcels
in square grids, this is clearly unrealistic, aiftedent arrangements of the landscape
could affect the outcomes. The use of network gameise laboratory experiments
have shown that the shape of the network matteass@ 2007; Banerjee et al. 2012;
Banerjee et al. 2014), this result is relevansfmtially interdependent benefits where
the shape of the landscape determines which laraklgashare borders with others
and could be further explored in future researcls &lso important to remember our
analysis is based on there being a single land-geamant change that the landowner
can undertake which leads to multiple ecosystemefiitsn Although it may be
common for an action taken by land owners to leaultiple ecosystem services we
acknowledge that our results do not necessarillyapschemes in which a particular
action leads to a specific ecosystem benefits @re/ffarmers can claim property rights

over the multiple benefit flows.

This chapter shows that Pareto-improving coopegagolutions exist but whether the
multiple purchasers will in reality agree to suckotution depends on the mechanism
put in place, the negotiation process betweenwvoepurchasers, and the negotiation
between the purchasers and the landowners. Insigbthese matters are not possible
within the methods and simulation environment usetthis chapter but are explored

in the complementary experiment on multiple purehsié the next chapter.
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CHAPTER 3

AN EXPERIMENTAL EXPLORATION OF MULTIPLE -PURCHASER PAYMENT FOR

ECOSYSTEM SERVICES SCHEMES
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3.1. Introduction

In this chapter, we build on the work of the presaachapter on multiple ecosystem
services buyers. In the previous chapter, we medethe buyers’ procurement
decisions in a range of non-cooperative and cotigeralecision settings. We
concluded that when buyers were modelled as stcategotiators, solutions Pareto-
dominate outcomes where buyers were modelled apément and uninformed
decision makers. While we were able to demonstRateeto-improving solutions
arising from negotiations in the simplified settimiga simulation environment, it does
not necessarily follow that the same outcomesheihchieved in the far more complex
context of real negotiations. To gather insightsoaswhether such solutions might be
achievable in a real PES scheme and to exploréattiers shaping the division of
gains from negotiations between multiple purchaaatssellers in such a scheme, in

this chapter, we turn to experimental economicriegres.

Negotiation is not the only exchange mechanism thaght be used to facilitate
transactions and establish prices in a PES schalignatives include fixed prices
and competitive bidding. The choice of mechanismPBS schemes will depend on
the specific circumstances of any particular schehhe procurement literature, for
example, has shown that negotiation might be predeto competitive bidding when
the good(s) being procured are complex and therdeav available bidders (Bajari
and Tadelis 2001; Bajari, et al. 2009). In additibath fixed price mechanisms and
auctions may stifle communication between buyerd asllers, preventing the
valuable exchange of knowledge and expertise (&oih977; Bajari, et al. 2009).
Since the exchanges transacted in PES schemedtanecomplex (for example,
stipulating the timing, locations and types of unaling expected of a farmer) and
sellers of ecosystem services are generally asstorgalve superior information (for
example, concerning the complexities surroundiegtanslation of land-management
changes into ecosystem service benefits) negatiédween buyers and sellers may

also play an important role in certain PES meclmasis

Accordingly, our experimental investigation focusem an exchange process
facilitated through thenultilateral bargainingof buyers and sellers. The laboratory
environment allows for careful control over theamhation given to the participants

but also allows for financial decisions to be magehuman decision makers rather

108



than simple programming of a computer to simulat®nal decision making. For the
purposes of clarity, our experiments involve jusee parties to those negotiations:
two buyers and one seller. By including a sellethim negotiation process buyers not
only have to negotiate between themselves regatdingmuch each might contribute
to the payment offered to the seller but they malsb ensure that that offer is
satisfactory for the seller. The experiment is agrted over a maximum of 15 rounds
of negotiation, although each time a participagats an offer there is an increasing
risk (presented clearly to the participants) tregatiations will fail and therefore no

deal will be agreed.

We use this experimental framework to investigateimber of complexities of the
negotiating environment that might typically arisea PES scheme. First, the degree
to which the buyers offer (and the seller accegmsdmount over and above the sellers
costs. Second, the degree to whaslgmmetry in the gairenjoyed by the two buyers
from a successful transaction affects the outcomeegotiations. Here we imagine
that one buyer would benefit more from a PES schesngy implemented. Third, the
degree to whiclasymmetry in the inconaé the two buyers (irrespective of their gains
from the transaction) affects the outcome of negioins. Here we imagine that one
buyer might be a large, wealthy organisation aiadl tiine relatively less wealthy buyer
might be more inclined to free ride on the wealbluyer’'s contribution to the PES
scheme. Fourth, how negotiations differ under comaé ofincomplete information
Here we imagine that differences in knowledge ebéttveen the buyers and sellers,
for example the seller may know the costs for syipglthe environmental output but
the buyers might not. Finally, how negotiations legovhen the benefits enjoyed by
the buyers from the transaction are not known twe $ut arestochasticin nature.
Here we imagine that the buyers are paying forster to undertake an action and
therefore they are not entirely certain of the alcenvironmental output that will be
produced, this could be due to unpredictable phemam such as weather patterns.
This is a common situation for PES schemes butdwsved relatively little attention
in the experimental economics literature. This tlapxplores these five issues within
our experimental framework to not only establish ethler participants can
successfully negotiate multilateral agreementsighs purchasing setting but also to
explore how the gains from successfully-negotisgrdhanges are partitioned both
between the purchasers and between the purchaskselters.
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Previous experimental studies assessing bargainirtge purchase of ecosystem
services are limited in number and have typicatlyolved just a single buyer and
seller (Bruce and Clark 2010a,b) or a single bayel multiple sellers as in the auction
literature (Reeson et al. 2011) and agglomeratiomub literature (Banerjee et al.
2014). In this chapter, we move beyond bilaterajoti@ated ecosystem service
procurement schemes which have been successfytlgmented both in laboratory
experiments (Bruce and Clark 2010b,2012) and ihwedd schemes, Perrier-Vittel

(Perrot-Maitre 2006) and United Utilities UK (Smitt al. 2013) to study multi-lateral

ecosystem service bargaining—with two buyers aredsatler of ecosystem services.
To do that, we use the non-cooperative, alterndiargaining setup discussed in
Section 3.2. A general discussion on non-cooperatigrgaining is followed by

specific literature reviews of the four complexstief multilateral bargaining identified

above. In Section 3.3, we describe our experimatdsign and in Section 3.4 report
the results of their implementation. Finally in 8ee 3.5 we offer concluding remarks.

3.2. Bargaining: an ecosystem services procurememechanism

Studying negotiation necessarily involves studyihg dynamics between the two
classes of agent, buyers of ecosystem servicesseltets of ecosystem services.
Bargaining is characterised by agents with commeegrests of cooperation, but with
conflicting interests about how it is achieved abdut the resulting payoffs. For the
majority of people, businesses and organisatiomsgamning is a commonplace

activity. Numerous day to day tasks either at hamnen the workplace involve

bargaining, companies are frequently bargainingetiothe best prices or wages, and
the policies that emerge from political partiesggovernments are often the result of

long and repeated bargaining processes.

Negotiation as an ecosystem service procurementaném has received little
attention despite being utilised in a variety ddlrevorld PES schemes, such as the
Perrier-Vittel scheme in France (Perrot-Maitre 208&d the United Utilities scheme
(Smith, et al. 2013). Perrier-Vittel purchased éasgvathes of farm land around water
springs and then offered the farmers the right&atm on the land provided they
followed management practices that caused minimuatemw pollution. The
International Institute for Environment and Devetegnt concluded that the success
of the scheme was the result of the extensive huisdling with farmers and a set of
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mutually agreeable negotiated incentives for tinenéas (Perrot-Maitre 2006). United
Utilities implemented The Sustainable Catchment &gment Programme (SCaMP)
programme between 2005 and 2010 with the aim ofompg raw water quality and
conditions for sites of special scientific inter&dtrough directly negotiating contracts
with farmers a wide variety of capital items wenstalled to help farmers deliver
additional ecosystem services beyond the minimual Istandards.

In the wider economics literature research on bangg and its outcomes has been
pursued in two parallel fields; non-cooperative gatieory and cooperative game
theory. Non-cooperative game theory focuses ompéngcular equilibrium outcomes
that arise from some defined procedure for barggirbetween multiple strategic
agents (Sutton 1986). Cooperative game theory mutstructure on the bargaining
procedure and instead focuses on the benefitgelff@gents might enjoy when they
act together in particular combinations (Osborné BRabinstein 1994). Due to our
interest in studying the negotiation outcomes fopsystem services based on the
structural rules imposed by a PES scheme we prdceexblore bargaining through

the lens of non-cooperative game theory.

Non-cooperative game theory considers bargainindgedofully specified by the

procedural rules of the negotiation process. A diaigg strategy specifies the action
of an agent at each stage of the negotiation psoddse outcome of a negotiation is
identified as a Nash equilibrium, that is to saseaof bargaining strategies at which
no agent could benefit from unilaterally changireeit strategy (Osborne and

Rubinstein 1994). If bargaining proceeds throughpra-defined sequence of

33 An additional study conducted in the Fowey riveichanent, UK, recommended pursuing different
procurement mechanisms in different situations (Bay Couldrick 2013). They recommend an
‘Advisor-led mechanism’ (where farm advisors go touvisit and negotiate directly with farmers) for
small scale schemes, where farm advisors have lgposatlknowledge, and known farms are likely to
yield positive outcomes. In contrast, auction megsras are recommended for large scale schemes

where the buyers have little local knowledge.
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negotiations then equilibria can be defined byrttoge specific concept of a subgame
perfect Nash equilibriuré

One of the most studied non-cooperative bargaigarges is the ultimatum game. In
that game, one of the players propose a split miessurplus and the other player has
the option to either accept or reject that propasdahe responder rejects then both
players get nothing. In the ultimatum game the autg perfect equilibrium stipulates
that the proposer asks for the entire surplus aedrésponder accepts, however in
laboratory experiments the common result is thatré@sponders are able to get more
than the game theoretical prediction of close to bait generally less than an equal
split (Roth 1995). An extension of the ultimatunmyais the alternating bargaining
game which adds multiple stages of offer and cauifer. In a two round version,
player 1 makes a proposal and player 2 can accagjext. If player 2 accepts, the
game ends, if they reject, then player 2 gets thenaacounter-offer. With any finite
number of rounds the unique subgame perfect eqguitibis one in which the player
who is the proposer in the last round has all grgdining power and can claim all the
surplus. One way in which the alternating bargangame differs from reality,
however, is that it fails to recognise that bargagns itself costly. Stahl’'s bargaining
model (Stahl 1972) captures that complication tghoadding a cost to each stage of
a negotiation, a structure that Rubinstein (198@gmded to a game with infinite
possible rounds of negotiation. These models siaivwhen negotiation is costly a
subgame perfect equilibrium of the game is achiemadhich a more equitable split
of the surplus is agreed upon in the first roundegjotiation. The intuition here is that
Player 1 is better off proposing a fairer divisiointhe full surplus in the first round
than holding out for the possibility of a largeash of a diminished surplus later in the
negotiations. Rubinstein’s model was later gensedliton > 3 players by Herrero
(1985) but the uniqueness of the subgame perfagdgti@ogum disappears, a result
which is relevant here as more than two participane likely for all PES.

The alternating bargaining game is employed ineyrerimental design and in the
following sections we discuss existing experimehtatature particularly relevant to

34 The strategies chosen by all players are saié @ I[dash equilibrium if no one could benefit from
unilaterally changing their strategy, the subgamdget equilibrium expands this concept to all

subgames of an extended form game.
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this experimental investigation, namely, heterogesse purchasers, in terms of
asymmetries in benefits inside and outside of al, deaomplete information,

stochastic payoffs and multilateral bargaining.

3.2.1. Heterogeneous purchasers

In a multi-purchaser PES scheme, buyers are uwlikeelbe homogeneous. For
example, organisations may differ in terms of tize sf the benefit they stand to gain
from participating in the scheme. Likewise, orgatiens may differ in terms of their
relative size as measured, say, by their wealthe@mcome they gain from activities
outside the PES scheme. As a motivating examplegime the difference between a
small environmental NGO interested in river ecoland a large water company
concerned with the quality of raw water abstracfed water supply. Both
organisations would benefit from a PES reducinfudéd agricultural pollution, but the
absolute size of those benefits may differ acrbsstwo organisations, likewise the
size of those benefits relative to each organisatiocome may differ. Since such
disparities may be common in multi-purchaser PE®$®s, we are interested to
explore how heterogeneity in purchasers impacthemutcome of bargaining.

Such disparities have been extensively examinedemm bilateral negotiation
framework in the experimental bargaining literatsirece (Rubinstein 1982) proposed
his model, summaries can be found in (Roth 199%nérar 2003; Zwick and Mak
2012). This literature has been defined by expertaidoehavioural observations that
often deviate from game theoretical predictions ¢mrhetimes come close to those
predictions. Zwick and Mak (2012) categorise thebate in terms of “gaming” and
“fairness”. As an example, imagine both partieswtbat one of the negotiators has
an advantage, the negotiator with an advantage twyilto exploit the advantage
(gaming tendencies); conversely, the disadvantagembtiator will exhibit fairness
tendencies. They propose that the failure of theopeedictions can be explained by
three principles: firstly, the same negotiator banboth self-centred (“gamesman”),
or inequity averse (“fairman”) depending on theteaty secondly, the source of the
bargaining advantage matters; and thirdly, whemésis has a price, the higher the

price, the lower the demand for fairness.

Zwick and Mak (2012) identify characteristics okthnegotiation environment to

explain why game theoretic predictions work welkome cases but not in others. In
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particular, they propose that if advantages areeghthrough intrinsic characteristics
(the characteristic of the negotiator) rather tleatrinsic (the characteristics of the
negotiation procedure) the advantages are mordyeagloitable and the results are
more likely to approximate the game theoretic pralns. Intrinsic characteristics are
those that the negotiator brings to the table efample their gains from a deal, or
their time preferences (patience). On the othedhantrinsic characteristics are the
characteristics of the negotiation procedure, @ischeing the first or the last to make
a proposal. Zwick and Mak (2012) also propose dleatand for fairness is subject to
some form of cost-benefit evaluation undertaken thg actors involved. With
heterogeneous negotiators, the degree to whichnéatyed negotiators attempt to
exploit their advantage depends on their cost hadlegree to which disadvantaged
negotiators attempt to achieve fairness depenttssancost, in other words, the higher
their costs the less extreme their demands (ZwickG@hen 1999).

Although negotiations with heterogeneous subjeearatteristics have been heavily
studied this has not been extended to multilatexgbtiation environments relevant to
multiple-purchaser PES schemes. Nevertheless, #s¢ @xperimental literature
suggests that the level of gaming or fairness enrésults could be influenced by the
heterogeneous characteristic of negotiation, sadheasize of the gains they stand to
receive if a deal is agreed or the size of the fiagtating to the ‘outside option’ (the
amount a player could receive if negotiations breakvn or they elect to exit
negotiations).

3.2.2. Incomplete information

It seems likely that a real world multi-purchas&SPscheme will be characterised by
information asymmetries. Compared to the purchadbes seller of an ecosystem
service will have a greater certainty of the oppoityy cost they incur in providing that
service and hence the minimum price they are wjltim accept to participate in the
scheme (Salzman 2005). In a similar manner, thecteamounts that different
purchasers are willing to pay for ecosystem sesvened the value of their default

payment is information known only to them (Ferra@®8).

Asymmetries in information fundamentally change tlegotiation dynamic. With
incomplete information players can strategicallynipalate their offers and responses

to offers in an attempt to impart themselves withadvantage. For example a player
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may reject a favourable offer in order to signalhhpatience, a strong bargaining
position or a large outside option. Ultimately, Isustrategizing may lead to less

efficiency in bargaining outcomes (Kennan and Wil§893).

Bargaining games with incomplete information cambe-sided or two-sided. In one-
sided incomplete information one of the players ragate information but the other
player’s information is public. In addition to thetical work (a summary can be found
in Ausubel, Cramton and Deneckere (2002)) theadasge literature on experimental
studies of incomplete information in bargainingtpowmls (summaries can be found in
Roth (1995) and Camerer (2003). Once again therihagd studies use the ultimatum
game format. For example, Croson (1996) conductedne-sided incomplete
information ultimatum game to contrast with a finformation treatment, showing
that varying the information given to the responaléected both the offers made and
the demands made by the responder. In the treatooertucted in dollars, under
incomplete information offers made were smaller,the treatment conducted in
percentage, under incomplete information demandse wegher. The general
conclusion from incomplete information ultimatum ngzs is that offers are
significantly lower and the responders accept losttars (Guth, et al. 1996; Rapoport,
et al. 1996; Croson, et al. 2003; Schmitt 2004uphet al. (2013) explore the effect
of incomplete information on multilateral bargaiginising alternating bargaining.
They find that incomplete information increasesglaring delay and the likelihood

of failed agreements.

Experimental evidence focused on ecosystem serwud#gdes Bruce and Clark
(2010b,2010a) who study bargaining between twoestaklers using an axiomatic,
cooperative bargaining approach, where bargainagpéns in continuous time. The
experiment found that subjects were able to reaclgieement that was Pareto-
efficient compared to a disagreement payoff. Braicg Clark (2012) expand on that
work to include incomplete information treatmentswhich the players only know
their own payoffs and not the other player’'s payofihey found that with incomplete
information, Pareto-efficient deals were almostliksly as with full information.
However, for agglomeration bonus schemes, whereatmeis to induce adjacent
landowners to coordinate for the production of gstean services, Banerjee et al.
(2014) found that if subjects were informed abdwirt neighbours actions then

socially optimal outcomes were more likely.
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3.2.3. Stochastic payoffs

In reality, the level of ecosystem service benediipyed by the buyers when a seller
takes a particular action may not be certain. kanmgple, the size of benefits delivered
by a scheme paying farmers to change land-manademaatices may be determined
by unpredictable phenomenon such as weather patt@ratacz-Lohmann and

Schilizzi 2005). Indeed, natural processes may atedhe relationship between land-
management change and service flow in such a veayttl benefits realised by paying

for the action are essentially stochastic.

While some experimental bargaining studies (Rotd &falouf 1979; Roth and
Murnighan 1982) introduce uncertainty into the play payoffs these are designed to
induce risk neutrality in participants. There hdeen relatively few experimental
studies explicitly examining the effect of stochagpbayoffs on the negotiation
procedure, one such example is (Pillutla and Miraing1996) who examine responder
behaviour for an ultimatum game with an unknowngize but a known small outside
option ($0, $1, or $2), they find that offers angitally low and are frequently rejected.
Furthermore, there is, some evidence that stoditgs#ffects cooperation in public
goods games. Berger and Hershey (1994) show looveriloutions from participants
when payoffs are stochastic compared to when psya# deterministic. Dickinson
(1998) introduced an element of exogenous risk a/lee public good may not be
produced even with positive contributions and aedion where the risk decreases with
the level of contribution. He shows some evidenta oeduction in contributions
associated with the uncertain production of thdipgwod. Keser and Montmarquette
(2008) switch the situation around to assess wetngibutions reduce the risk of loss
rather than the chance of gain and show evideneedeicrease in contributions with

uncertain production.

3.2.4. Multilateral bargaining

The majority of theoretic and experimental evideanéargaining concerns bilateral
bargaining. When negotiation involves agreementmaye than two independent
agents the term multilateral bargaining is useck Titerature studying multilateral
bargaining is not as well developed; however, Péfemses with multiple buyers and
at least one seller are examples of a multilateaegaining situation.
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Multilateral bargaining has been studied in the eexpental literature using the
ultimatum game (Gith and van Damme 1998; KagelVaontfe 2001; Schmitt, et al.
2008). In this literature there remains one proposge responder and an additional
player who is a non-responder. Using a multilatel@inatum games with incomplete
information, Guth and van Damme (1998) show thappsers are not intrinsically
motivated by fairness but instead want to appaatdahe responder.

An important element that arises with three or mplayers is the possibility of

coalitions. Although coalitions between ecosystesrvise sellers and buyers are
possible, we are specifically interested in stugyihe potential opportunities and
barriers for multiple-purchaser PES schemes, weetbee look at a subset of

multilateral problems which require universal cariseom all parties. The problem

of multilateral bargaining with universal conserdshbeen studied in a range of
situations such as biodiversity conservation, ldegelopment, international trade
agreements and international environmental polgrgements. Lennox et al. (2012)
study landowner’s ability to holdout for higher pagnts for voluntary conservation

agreements. They show that the holdout potentidhfalowners is significant and that
this could have implications for which land parc&ff®uld be conservation priorities.
Furthermore, a contemporary series of experimgrapérs focus on land acquisition
and development (Cadigan, et al. 2009; Shupp, 20aB). Cadigan et al. (2009) study
the issue of “holdout” in which one player can gedgproject by rejecting agreement
in the hope of receiving higher compensation, thlegw holdout to be a common

problem in a range of bargaining institutions.

In our experiments each party has the power toydatal attempt to holdout for a
higher payoff. Overall, the experimental design wge to study multiple purchaser
negotiations for ecosystem services is closegté@kperimental design in Shupp et
al. (2013) who examine multilateral bargaining witbomplete information. We build
on their work by including a number of charactérstpotentially relevant to PES
schemes; such as, multiple buyers, differing oetsigtions, and stochastic payoffs to
represent the uncertain realisation of ecosystewices flows from land-management
changes. To the best of the author's knowledgepther study has investigated
bargaining for ecosystem services with more thamgle buyer or with stochastic
payoffs.
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3.3. Experimental design and Hypotheses

Multilateral bargaining experiment

In our experiment, three players form a group. ithe players assume the role of
purchasersf ecosystem services, with the third player ass#iker of the ecosystem
services>3®Neutral labels were used in the experiment, sostligjects were labelled
player's 1, 2 and 3; nevertheless, for the remainéithis chapter we shall refer to the
two purchasers durchaser landPurchaser 2and the seller as tlioviderto denote
we are referring to the participants roles in tkpegimental setup.

The vast majority of experimental investigation®afgaining involve just two players
negotiating over how to split a ‘pie’. Our experm® differ from that bilateral design
in two important ways. First, through the inclusimira third party in the negotiations
in the form of the Provider; and, second, the biargg problem faced by the Provider
differs from that faced by the two purchasers. Paigicular setup was chosen to more
realistically simulate potential multiple-purchasBES negotiations as it seems
unlikely that the Provider would be able to speaffer amounts for each purchaser.
As such, the Provider was offered one amount—tine suthe purchasers’ offers—
and could either accept or reject that offer bdtrdit have the opportunity to propose

alternative offers.

In naturally occurring bargaining, players ofteteatate between offers and counter-
offers, a structure mimicked by our experiment. dxdingly, bargaining began with
Purchaser 1 submitting a proposal to PurchaseurzhBser 1's proposal suggests an
amount that the two purchasers should offer tdPtfowider, detailing the contribution
to that amount that they themselves are willinghnetke and the contribution expected
from Purchaser 2. If Purchaser 2 agreed to thadqsal, then the offer was sent on to
the Provider for their consideration. If the Prarichlso agreed to the payment then
the negotiations are over and a deal is done. mdterely, if the proposal or offer was

rejected then a second round of bargaining wasated. In this second round,

35 Although we only have one seller of the ecosystemices it is perhaps more insightful to think of
the seller as a single representative of multipteners charged with the task of negotiating orrthei
behalf.

36 Experiment participants did not know the idensiti the other members of their group and the

members of each group changed from task to task.
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Purchaser 2 had the opportunity to make a coumpgsal. If this counterproposal
was agreed by both Purchaser 1 and the Provideratlieal was done; otherwise the
process of proposal and counterproposal continnés all players agree or until
negotiations fail. Figure 3.1 details the negabiatprocedure. In order to keep the
decision process moving and so that all groupsrpesgd at the same speed, all
decisions, proposals and acceptances, were subjgote limits. In the event that a
Purchaser timed out when making a proposal defaritributions of £0 for each
Purchaser were submitted; when a responder (Punclad?rovider) timed out the

default submission was rejection.

Round 1 (time t)

Proposal: Accept / reject Proposal: Accept / reject offer:

Purchaser 1 Purchaser 2 Provider

Rejection — Random draw to determine if
negotiations proceed to another ro

Round 2 (time t+1)

Proposal: Accept / reject Proposal: Accept / reject offer:
Purchaser 2 Purchaser 1 Provider

Rejection — Random draw to determine if
neqgotiations proceed to another ro

Round 3 (time t+2)

Proposal: Accept / reject Proposal: Accept / reject offer:

Purchaser 1 Purchaser 2 Provider

‘ Rejection — Random draw to determine if
negotiations proceed to another round

Figure 3.1. The negotiation procedure used in albg@eriment treatments.

Accordingly, negotiations proceed through a maximafml15 rounds in which
objections could be raised either by a purchases did not like the levels of
contribution proposed by the other purchaser ahkyProvider who felt that an offer
made by the purchasers was not sufficiently gerserdo represent the cost of

negotiating rejecting a proposal and thereforeldlara deal came with an exogenous
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risk of the negotiations failirf§ In the experiment that risk is randomly reali®gd
the computer each time a rejection is made, wittsad failure being clearly displayed
to the subjects. Those odds of failure increasedeasounds of negotiation progressed

putting increasing pressure on the subjects tdhraateal.
Payments

In a task, both purchasers and the Provider begarexperiment entitled to some
default paymentEach participant was informed that they couldedmr their default
payment in favour of deal paymentout only if all three members of the group agreed
to that arrangement. For the two purchasers, tlegil payment exceeded their default
payment such that they were always incentivisectéch a deal. In contrast, for the

Provider their deal payment was always zero.

To persuade the Provider to incur the cost of fongoheir default payment, the two
purchasers were given the opportunity to team-upadfer the Provider a payment.
The essential challenge of the experiment washi®purchasers to agree how much
each should contribute to an offer that was swfily generous to persuade the
Provider to agree to the deal. Obviously, the nitosbuld ever make sense for one
purchaser to contribute to such a payment is tifierdnce between their deal payment
and their default payment. Though for each purahdse incentive is to contribute as
little as possible hoping that the other purchagircommit sufficient funds to the

offer to ensure that the Provider to agrees talta.
Experimental treatments

Five key measures are used to assess differenttesexperimental treatments results.
The first two measures, success and ease of andeasure if a deal was reached and
the ease of the negotiation process. The first ureasuccess of the negotiation,
measures the proportion of deals in which agreemvastreached between all parties.
The second measure, ease of reaching a deal, rasdisarounds of negotiation taken
to reach a successful deal. Three further measss®=ss the composition of payoffs
and contributions making up a deal. The third megscontribution, measures the

37 An example of an exogenous risk to negotiatiomshEseen in (Muthoo 2002) who propose that
while two firms negotiate over how to divide thefitrfrom the exploitation of a particularly

technology a third firm invents a new technologagttimakes their existing technology obsolete.
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payment made by an individual Purchaser’s to tlowiBer, in addition, we measure
the division of contribution as the Purchasers’rehaf the payment made to the
Provider. The fourth measure uses the concepsoff@us, here we define the surplus
from a deal as the sum of the differences betwkerdéal payments and the default
payments, in other words, the surplus is the aggeeggains from a dedf.In addition,
the division of surplus measures the share of garpach party gained in a deal. The

fifth measure, the level of payoffs, measures tha payoffs received by each party.

Using the range of measurements outlined abovesethexperiments explore
bargaining as a mechanism for effecting transastioa multi-purchaser PES scheme.
In particular, to characterise how bargaining oates might differ under a range of

circumstances that might well arise in a multipleghaser PES scheme.

Our experimental design features a total of 10timeats designed to explore five
different issues: (i) the degree to which the bayaffer (and the seller accepts) an
amount over and above the sellers costs; (ii) #grek to whickasymmetry in the
gainsenjoyed by the two buyers from a successful tretrma affects the outcome of
negotiations; (iii) the degree to whi@symmetry in the incomaf the two buyers
(irrespective of their gains from the transactiaffcts the outcome of negotiations;
(iv) how negotiations differ under conditionsiatomplete informationparticularly
regarding the payoffs both inside and outside déal; (v) how negotiations evolve
when the benefits enjoyed by the buyers from thestaction are not known for sure

but arestochastidn nature.
Offers above seller’s costs with symmetric purchas@reatments 1A and 1B)

Two treatments are included with symmetric defartd deal payments for the
purchasers. In Treatment 1A, the purchasers haalgpdgments of £15 and all parties
have default payments of £7.50. Under these cirtamoss, it was just cost effective
to make a bilateral deal between one purchasetrenBrovider. For example, if one
Purchaser chose to compensate the Provider alenattivould require all their gains
from a deal (£15 - £7.50 = £7.50) to make the Ri@vindifferent between agreeing
to the deal or not. Under these circumstances wenéerested in finding out if the

38 For example, consider a situation in which alltigarhave a default payment of £7.50, the sum of
default payments is therefore £22.50 (3 x £7.5@he sum of deal payments is equal to £25 we have
a surplus of £2.50, if the sum of deal paymen&jisal to £30 the surplus is equal to £7.50.

121



purchasers split the contributions equally. Furtiane, differences in payoffs between
the purchasers and Provider would suggest diffe®ernno negotiating power of

purchasers who make offers and Provider who cary ackept. Under these

circumstances, do the purchasers just offer entugleep the Provider interested or
are they forced to give up some of the surplubeédirovider? Results from ultimatum
experiments show that responders are able to get than the game theoretical
prediction of close to zero but generally less tharequal split. In addition, evidence
from (Schmitt 2004) on an alternating bargaininggasts that players adjust their

offers until they find a minimum acceptable offer.

In Treatment 1B we increased the size of the sarpiuthe deal by having deal
payments of £20 for both of the purchasers. Byeasing the size of the deal
payments, we were able to explore how negotiategkagents changed as the benefits
the purchasers realised from making a deal incdeadke were interested to see
whether deals were reached more easily or moreiguit these circumstances and
the extent to which the Provider was able to claome of that increased surplus by

holding out for a higher payment.
Asymmetry in gains from a deal (Treatment 2A).

Treatment 2 introduces asymmetry in deal paymdntslreatment 2A, the deal
payments are £18 for Purchaser 1 and £12 for Pseci2awith default payments of
£7.50 for all three players. Accordingly, it is pdse for Purchaser 1 to form a cost-
effective bilateral deal with the Provider but mirchaser 2. Observe that the deal
payments in this Treatment give the same overgllgs from a deal as Treatment 1A
(sum of deal £30 - sum of default £22.5 gives alsisrof £7.50).

In many potential multiple-purchaser ecosystemiserschemes we might expect one
of the purchasers to do relatively better out ofleml than others. By including
asymmetry in the benefits of a deal we wished tol@e whether such asymmetry
would result in a difference in contributions todsrthe negotiated payments. A
number of experiments—notably, Roth, et al. 198dffidan and Spitzer 1985; Bruce
and Clark 2010a, and 2010b—found that their subje&re drawn towards Pareto-
efficient outcomes that equalized payoffs. In ontdeachieve equal payoffs within our
multilateral multiple-purchaser setup the Purchas&uld need to agree to an unequal

division of contributions. This will provide insigg into whether the subjects are
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motivated by equality of contribution, over fairges division of the gains from a deal
or equal payoffs.

Asymmetry in the income of the purchasers (Treatrte8A).

While purchasers may not differ in terms of theiaddal benefits they stand to realise
from a deal, they may differ in terms of the ovelelel of benefits they enjoy. In an
ecosystem service market, that might corresponigatong one purchaser that is a
large, high-profit company and another that is alsfow-profit company.

In the experiment, Treatment 3A deal payments aBfér Purchaser 1 and £12 for
Purchaser 2, while their corresponding default payswere £10.50 and £4.50. As
such, both purchasers stood to make the same ffiha® from a deal. Observe that

the total surplus is comparable to previous Treats&A and 2A.

We were particularly interested in whether theat#hce in default payments of the
purchasers would affect the nature of the negohatiTwo differences are important
in Treatment 3A compared to 2A. Firstly, equalisailgthree players payoffs cannot
be achieved without Purchaser 1 accepting a daalgdwve her less than her default
payment. Secondly, the setup means the Purchaserstsimultaneously reach a deal
with an equal division of surplus and equal payofthis will provide insights to

answer whether Purchasers are motivated by faiinediwision of the gains from a

deal over equality in payoffs.
Incomplete information (Treatments 2B, 2C, 3B an€}

In both Treatments 2B and 2C the deal and defayingnts are identical to Treatment
2A,; therefore the deal payments are £18 for Pusshbsind £12 for Purchaser 2 with
default payments of £7.50 for all three playersoTaditional treatments, 3B and 3C
are analogous to Treatments 2B and 2C but withdds and default payments of
Treatment 3A. The purchasers have different defaaytments (£10.50 and £4.50) but

stand to gain the same amount from a deal.

In the real world, it is unlikely that purchasenggotiating over contributions, will
reveal the level of benefits they stand to enjoyrfra deal being done. To reflect that
reality, the deal payments in Treatments 2B andv@Be private information; only a
Purchaser knew what they stood to gain from a dedl Treatments 2C and 3C

introduce completely private information, with egaayer only knowing their own
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deal and default payments. Shupp et al. (2013)egphcomplete information in an
alternating bargaining environment and find thagatmtion takes longer and
negotiations are more likely to result in failur€ontrary evidence shows that
acceptance rates are higher with incomplete infatongerhaps because envy of the
other player's payoff is removed with players iastdfocusing on their monetary
payoff rather than relative payoff (Bolton and Oafads 2000; Schmitt 2004). The
experimental design employed here allows the measemt of the number of rounds
until negotiation leads to a deal or to failureoaling a measurement of the ease of

reaching a deal.

Bruce and Clark (2010a) investigate unstructuredgdiaing under private
information. When comparing their results to fafiarmation, they found that subjects
were less drawn to outcomes that equalised pay@&fys.including incomplete
information in our experimental treatments the saty are no longer able to equalise
payoffs or to equalise the division of surplus heseathey no longer have all the
required information to reach such outcomes. Unmtissmplete information we are
therefore interested in any changes to the divisfosurplus between the parties, for
example do the Purchasers move to equalise cotitniisuto the payment under
incomplete information treatments and is the Prewidble to extract any of the

surplus?

Furthermore, we explore if subjects are undertakomge form of cost benefit analysis
as suggested by Zwick and Chen (1999) and Zwick Ma# (2012). Under this
hypothesis, we would expect that in Treatment Zushaser 1 has more to gain from
a deal, and therefore also more to lose from rathieag a deal, that Purchaser 1's
contributes more to the payment compared to Tredtthe

Stochastic benefits (Treatments 4+ and 4-).

Treatments 4+ and 4- explored stochastic outcoindblose treatments, participants
are faced by an uncertain future characterisedvoypossible states of the worla,
andb, each of which has a 0.5 probability of becomiaglity. The deal payments
enjoyed by purchasers in these two states of thiihaoce different. Accordingly, our
experiment allows purchasers to make condition&rgf that is to say, purchasers
decide how much they are going to contribute tayarent in each ‘state of the world’.

In the stochastic treatments, therefore, the Pevvidceives two offers; one detailing
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how much they will be paid by the purchasers inghent of ‘state of the worldl and

another stating how much they will be paid in ‘stat the worldy’. In these treatments
during negotiations purchasers and the Provideldcsignal to one another regarding
which, if either, of the payments in the two ‘statd the world’ had caused them to

reject a proposal or offer.

Stochastic benefits are common for PES schemairbthyers often have to enter PES
schemes without full knowledge of the benefits thal receive due to the random
gualities of natural processes. Of primary intevess to see if stochastic benefits alter
the success and ease of reaching deal as wellyatiflarences in the composition of
payments and contributions in different stateshefworld. Do the Purchasers share
the risk of the stochastic benefit between eachradhd is any of that risk transferred

onto the Provider.
The experimental design is summarised in Table 3.1.
Implementation

The experiment was conducted in the Centre for #iehaal and Experimental Social
Sciences at the University of East Anglia (UEA)tdial 204 subjects participated in
14 sessions with between 12 and 18 subjects in sesbkion. The subjects were
recruited from the UEA undergraduate and graduafmilations from a variety of
disciplines using the online recruitment system $BR) (Greiner 2004). No subject
participated in more than one session, but eachedulparticipated in multiple
treatments within a single session, before eadtrtrent the subjects were assigned a
new role (Purchaser 1, 2 or Provider) and matchédawmnew group. The experiment

was programmed and conducted in the z-Tree soft(i@@sehbacher 2007).

The same procedure was followed in each sessibatualents were seated at a private
computer terminal with no communication allowedstiactions (see Appendix C)
were read aloud and included a detailed walkthrangthich subjects could see how
the tasks would progress from the perspectivelahaldifferent roles. Any questions
were answered in private. At the end of the expemntrsubjects completed a short
guestionnaire on the computer. The final paymemisevfrom one randomly selected
round and an additional £2.50 participation feee $hssions lasted approximately 1

hour and 30 minutes including payments.
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3.4. Results

Irrational responses

In total 412 deals were completed. If we take thedpoint that it would be irrational
for the participants to accept a deal which woulakenthem worse off than their
default payment; then, of the 412 deals, 47 deatsbe classified as irrational for at
least one of the participants, leaving 365 ratialealls. One can hypothesise about the
reason for the high number of irrational deals,dwample, although great care was
taken to explain the procedure, the tasks werdyfa@iomplex and required the
participants to be engaged. In addition, the rdighe subject, deal and default
payments changed from task to task. This complexigbined with the time pressure
which the participants were under could go some Wwayexplaining irrational
bargaining behaviour. A small number of particigaintthe questionnaire admitted to
making a mistake due to the time pressure. It shaldo be noted that other reasons
such as altruistic behaviour could potentially explsome of the deals we have
classified as irrational. Unless otherwise stateduse only those deals which can be

classified as rational for all players in the feliag analysis.

Table 3.1 summarises the results for all treatmehthe experiment and Table 3.2
summarises the division of contribution, divisidrsarplus and division of payoffs for

all deterministic treatment of the experiment.
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Average
Default payment Deal payment Average S 2 Average Payoff
Treatment  Information Sgc?ciss Rounds to Contribution
] . completion .
P1 P2 Provider P1 P2 Provider P1 P2 P1 P2 Provider
1 . 3.3 £4.78 £4.82 £10.22 £10.18 £9.60
A Full Public £7.50 £7.50 £7.50 £15 £15 £0 39/4 2.8) (0.83) (0.74) (0.83) (0.74) (1.49)
. 3.0 £6.20 £6.20 £13.80 £13.80 £12.40
B Full Public £7.50 £7.50 £7.50 £20 £20 £0 39/4 2.3) 0.77) (0.87) (0.77) (0.87) (1.61)
. 4.6 £7.55 £2.26 £10.45 £9.74 £9.81
2
A Full Public £7.50 £7.50 £7.50 £18 £12 £0 63/7 (3.5) (0.91) (0.77) (0.91) (0.77) (0.78)
. 7.6 £5.89 £3.46 £12.11 £8.54 £9.35
B Deal Private £7.50 £7.50 £7.50 £18 £12 £0 32/3 3.2) (1.21) (0.91) (1.21) (0.91) (0.70)
Deal &
8.2 £5.70 £3.53 £12.30 £8.47 £9.23
C Default £7.50 £7.50 £7.50 £18 £12 £0 24/3
Prats (3.4) (1.42) (1.04) | (1.42) (1.04)  (0.92)
. 6.5 £6.08 £3.36 £11.92 £8.64 £9.44
3
A Full Public £10.50 £4.50 £7.50 £18 £12 £0 36/4 3.7) (0.94) (1.13) (0.94) (1.13) (1.07)
. 7.4 £5.50 £3.81 £12.50 £8.19 £9.32
B Deal Private £10.50 £4.50 £7.50 £18 £12 £0 32/4 3.1) (1.05) (0.81) (1.05) (0.81) (0.84)
Deal &
6.2 £4.84 £4.40 £13.16 £7.60 £9.24
C Default £10.50 £4.50 £7.50 £18 £12 £0 35/4
Priva‘:e 3.7) (0.81) (0.83) | (0.81)  (0.83) (1.34)
£8.47 £2.59 £12.53 £12.41 £11.06
a _ £21  £15 5.3 (0.97) (1.28) | (0.97) (1.28)  (L.13)
£7.50 £7.50 £7.50 £0 34/38
b Full Public £15  £9 3.7) £6.42 £175 | £858 £7.25  £8.16
(0.73) (1.36) | (0.73) (1.36)  (0.82)
4 £9.13 £0.57 £11.87 £8.43 £9.70
a , £21  £9 3.9 (1.29) (0.72) | (1.29) (0.72)  (0.80)
£7.50 £7.50 £7.50 £0 31/33
- b Full Public £15 £15 2.7) £491 £481 | £10.09 £1019  £9.73
(0.45) (0.52) | (0.45) (0.52)  (0.88)

Table 3.1. Summary of results across all treatments

For treatment 4, + represents treatment with pesittorrelation between the purchasers deal paynaemds- represents the treatment with negative dation.

a and b represent the responses to ‘state of thehadband ‘state of the world b’ respectively. Aages are means with standard deviations in bracket
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Division of contribution %

Division of surplus %

Division of Total Payoffs %

Treatment Information Total Total Total
Contribution P1 P2 surplus P1 P2 Provider payoff P1 P2 Provider
to Provider
1 A Full Public £9.60 49.8% 50.2% £7.50 36.2% 35.8% 28.0%) £30 34.1% 33.9% 32.0%
B Full Public £12.40 50.0% 50.0% £17.50 36.0% 36.0% 28.09 £40 345% 9%4.5 31.0%
2 A Full Public £9.81 77.0% 23.1% £7.50 39.4% 29.8% 30.8% £30 34.8% 32.5% 32.7%
B Deal Private £9.35 63.0% 37.0% £7.50 61.4% 13.9% 24.7% £30 40.4% 28.5% 31.2%
Deal &
C Default £9.23 61.7% 38.3% £7.50 64.0% 12.9% 23.1% £30 41.0% 28.2% 30.8%
Private
3 A Full Public £9.44 64.4% 35.6% £7.50 19.0% 55.2% 25.9% £30 39.8% 28.8% 31.5%
B Deal Private £9.32 59.1% 40.9% £7.50 26.6% 49.2% 24.2% £30 41.7% 27.3% 31.1%
Deal &
C Default £9.24 52.4% 47.6% £7.50 35.5% 41.3% 23.2% £30 43.9% 25.3% 30.8%
Private

Table 3.2. Summary of the division of contribution,division of surplus, and division of payoffs acros all deterministic

treatments.

128



Result 1. Offers above seller’s costs with symnogpurchasers.

In Treatment 1 the Purchasers’ deal and defaultmeays are symmetric and all
information is public. Treatment 1A and 1B diffarlp in the deal payments for the

two purchasers; £15 in Treatment 1A compared toiftdZ0eatment 1B.

Observe the deal success and average rounds tdetmmplata in Table 3.1. The
majority of the negotiations resulted in deals geiompleted, 39 from 40 for both
Treatment 1A and 1B, and those deals were completatvely quickly, with the
mean number of rounds to competition of 3.3 foratmeent 1A and 3.0 for Treatment
1B.

In our experimental design the Provider was no¢ ablspecify offer amounts, this
was chosen to more realistically simulate potentialltiple-purchaser PES
negotiations as it seems unlikely that the Prowdsuld be able suggest amounts that
each Purchaser should contribute. A question tiegsafrom such a design is whether
the relative bargaining strength of the purchaseleive to the Provider results in
differing payoffs. In Table 3.1 the average payddisTreatment 1A for Purchaser 1
and Purchaser 2 were £10.22 and £10.18 respectiwbiye for the Provider the
average payoff was £9.60. In Treatment 1B bothimasers received average payoffs
of £13.80, and the Provider £12.40. Both treatmshtsv a statistically significant
difference between the Provider and the Purchgssssffs (Treatment 1, Wilcoxon-
Rank-Sump-value = 0.000 and Treatment 2, Wilcoxon-Rank-Spavalue = 0.000).
For the Provider, rather than being able to barf@irqual payoffs, the negotiations
move to a minimum acceptable amount above the @eovidefault payment. This is
consistent with experimental evidence from thendtium and alternating bargaining
literature that negotiations seek a minimal acddptamount for the responder (Roth
1995; Schmitt 2004).
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Result 2. Asymmetry in gains from a deal

Treatment 2 introduces asymmetry into the deal ays specifically, Purchaser 1
has a deal payment of £18 and Purchaser 2 had pay@aent of £12.

In Treatment 2A° our first observation is that participants foundarder to complete
a deal; the number of negotiation rounds averagédad compared to 3.3 in the
Treatment 1A and 3.0 in Treatment 1B. Figure 3.@wshthe distribution of the
number of negotiation rounds until deals were catgal for symmetric deal
treatments (1A and 1B) and asymmetric deal Treatsn(@A) a Wilcoxon-Rank-Sum
test shows deals were completed quicker in the stmentreatmentsptvalue =
0.010).

39 An additional treatment was included in the stddgign which tested for difference in which
Purchaser opened the negotiations. In the expetjitevas always Purchaser 1 who began the
negotiations by making a first proposal of paymeatse made to the Provider. Accordingly, it was
always the purchaser with the higher (£18.00) gagiment that began the negotiations. We included
a similar treatment to Treatment 2A except forftet that the deal payments of Purchaser 1 and
Purchaser 2 were swapped. Accordingly it is thgestitwith the lower, £12.00, deal payment who
opened the negotiations. The results were quaitigtidentical and are therefore reported grouped

together with treatment 2A.
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Figure 3.2. Number of rounds until deal completeddr symmetric (1A 1B) and
asymmetric (2A) experimental treatments.

With asymmetry in the gains from a deal the subjeannot simultaneously achieve
equal contributions and equal payoffs or equal rdmmiions and equal division of
surplus. In Treatment 2A statistically significagymmetry in the contributions of
the Purchasers are observable; the average cdmdritaf Purchaser 1 is £7.55 and
for Purchaser 2 it is £2.26 (Wilcoxon-Rank-Supayalue = 0.000). Purchaser 1
therefore contributed more to the deal but on ayeesdill ended up with a significantly
higher average payoff £10.45 than both Purchasé®.Z4 (Wilcoxon-Rank-Sunp-
value = 0.000) or the Provider, £9.81 (Wilcoxon-R&um,p-value = 0.000). Since
the default payments for the Purchasers are equir.&0 equivalent statistically

significance differences are also observable ferdiision of surplus from a deal.

We have strong evidence that equal contributioesrat the primary motivating
factor in negotiations since Purchaser 1 is coutirig significantly more in
Treatment 2A than Purchaser 2, as a ConsequenadaBar 1's share of the surplus
is a lot smaller than their share in terms of g&ios a deal. Figure 3.3 plots the share
of the surplus for deals agreed in the symmetiAg éihd asymmetric treatments (2A).

It is constructed as a ternary plot with Purchdsershare of the surplus on the left
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edge, Purchaser 2’'s share on the bottom edge anrtvider’s share on the right.
Each edge goes from 0-1 which represents the divisf surplus as a proportion.
Each dot represents a completed deal and the memmod of surplus amounts
(reported in Table 3.2) are plotted in Figure 33tee solid lines. In the symmetric
treatment both Purchaser 1, 36.2%, and Purchas&$.2%, claim a significantly
higher division of the surplus than the Provid&:.026 (Wilcoxon-Rank-Sunp-value

= 0.001 andp-value = 0.001). However, in the asymmetric treatirfeurchaser 1,
39.4%, is able to claim a statistically significdmgher division of the surplus than
either Purchaser 2, 29.8%, or the Provider, 30.8ftcoOxon-Rank-Sump-value =
0.000 angp-value = 0.000).

Symmetric Asymmetric
N N
/ \ / N\
N \ / \
/ /
/ \ / \
/ \ / \
£ b £ A\
7 \\ / \\
0'362/'( \ 0.394/< \
INK 8 } S
Purchaser1 / \ \-\Provider Purchaser1 / \ \\Provider
// \\ 3 // \ ' g
\ \ \
/ \\ \ / \ \
i/ e \ / }—. %0308
028 / . \
/ / N / N\
/ / \\ ‘/ B / o G 2 \\
/ / A / / A
/ / \ / AV \
1 0 1 0

<
0 0.358Purchaser2 1 0 0.298  Purchaser2 1

Figure 3.3. Ternary plot of the proportional splitin the total surplus from the
symmetric (1A) and asymmetric (2A) experimental tratments, with the lines

showing the mean amount for each agent.

If the Purchasers were attempting to share thduwmignually we would expect no
differences between the division of surplus in Trent 1A and Treatment 2A.
Comparing Treatment 2A to 1A using average divisibsurplus provides conflicting
evidence on whether the subjects are attemptispdce the surplus equally. One the
one hand, statistically significant difference isservable between the division of
surplus for Purchaser 2 (35.8%) in the symmeteatment and Purchaser 2 in the
asymmetric treatment (29.8%) (Wilcoxon-Rank-Syavalue = 0.000); on the other

hand, there is no statistically significant diffece for Purchaser 1's surplus
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(Wilcoxon-Rank-Sump-value = 0.403) despite an increase from 36.2%9t8% of
the division of the surplus. The number of dealwlch the Purchasers negotiated to
exactly equal payoffs provides additional evideanehis. In two-thirds of the deals
in Treatments 2A (42 from 63) the Purchasers agteesh equal division of the
surplus and therefore equal payoffs too. It theeefooks like they are either (i)
sharing the surplus roughly equally or (ii) agrgeendeal in which they their payoffs
are roughly equal. Since the default paymentsh@esame for the two Purchasers in
Treatment 2A we cannot tell between those two Hygses in this treatment, to

provide further clarity we turn to Treatment 3A.
Result 3. Asymmetry in the income of the purchasers

Treatment 3A provides the same deal payments adriieait 2A, the difference is the
introduction of asymmetry into the default paymdnis Purchaser 1 who gets the
high deal payment of £18 and also the high defaayment of £10.50; Purchaser 2,
has a low deal payment of £12 and a low defaultrat of £4.50. Accordingly, both

purchasers stand to make the same gain from agreeieal, £7.50; as in previous

treatments all information is public.

With asymmetry in the default payments the subjeatsot simultaneously achieve
equal division of surplus and equal payoffs. If dhasers are motivated by equal
divisions of surplus then that would lead to uneéguagoffs as the default payments
are different, conversely if Purchasers are matiddty equal payoffs then that would
lead to unequal divisions of surplus. Our resulisvs very unequal divisions of

surplus and relatively equal payoffs.

In Treatment 3A, Purchaser 2 claimed a signifigalatiger share of the surplus, 55%,
compared to 19% for Purchaser 1 (Wilcoxon-Rank-Suualue = 0.000). Figure 3.4

plots the division of surplus for Treatment 3A.
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Figure 3.4. Ternary plot of the proportional splitin the total surplus from the
asymmetric default (3A) experimental treatments, wth the lines showing the

mean amount for each agent.

In Treatment 3A, it was not possible for the play&r achieve equal payoffs unless
Purchaser 1 decided to accept a deal in which sbeived less than her default
payment of £10.50; however, in our data we obs8rdeals in which Purchaser 1
accepted an amount less than their default payamehéveryone received a payoff of
£10. It seems that, for some subjects, equal payeffstill desirable despite one
Purchaser having to accept less than their dedaudtunt. All other deals in Treatment
3A resulted in unequal payoffs, on average, Puethascontributed significantly
more to the payment (Wilcoxon-Rank-Supavalue = 0.000) but still ended up with
a higher overall payoff. Statistically significadifferences are observable between
the payoffs of Purchaser 1 and Purchaser 2 in Meat 3A; the average payoff of
Purchaser 1 was £11.92 and for Purchaser 2 wag g8i&oxon-Rank-Sunp-value

= 0.000). In addition, payoffs in Treatment 3A weignificantly different to payoffs
in Treatment 2A (Purchaser 1, Wilcoxon-Rank-Spmalue = 0.000) (Purchaser 2,
Wilcoxon-Rank-Sump-value = 0.000).

Given full information, it seems that equal payafsa strong point of attraction for

bargaining outcomes. In Treatment 3A, even thougth Purchasers have the same
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gains from a deal, and therefore bring equal ansoohtsurplus to the negotiating
table, Purchaser 1 contributed significantly morthe deal and thus claimed a smaller
share of the surplus, 19%, with Purchaser 2 clagrbbfo. This evidence agrees with
previous experimental studies that found that evig#masymmetric gains from a deal
their subjects were drawn towards outcomes thadleaga payoffs (Roth, et al. 1981;
Hoffman and Spitzer 1985; Bruce and Clark 2010a8)Bp.1

Result 4. Incomplete information.

Treatments 2B, 2C, 3B and 3C include incompletermation. The deal payments
are private information in 2B and 3B, and the deal default payments are private
in 2C and 3C. Treatments 2B and 2C have the samleadd default payments as
Treatment 2A, whereas, Treatments 3B and 3C haweséime deal and default

payments as Treatment 3A.

Our results provide no support for the hypothdsas incomplete information implies
negotiations are more likely to result in failul€omparing the proportion of
successful deals in Treatment 2A to the proportibsuccessful deals in Treatment
2B and 2C, and similarly 3A to 3B and 3C, usinghEiss test of equality of
proportions, reveals no statistically significanffetences between the proportions
(Treatment 2: Fisher exact tegtyalue = 1, Treatment 3: Fisher exact tpstalue =
1).

Our results provide some support for the hypothésié incomplete information
implies more prolonged negotiation. For Treatmenar? observable difference
between the incomplete information treatments aidrfformation treatment shows
bargaining to be relatively harder; the average lmemof rounds of negotiation is 7.6
in Treatment 2B and 8.2 in Treatment 2C comparetl@an Treatment 2A. Figure
3.5 shows the number of negotiation rounds takeootaplete a deal for the full
information treatment (2A) compared to the incortgl@formation treatments (2B
and 2C). The results show that in the full infortmatreatment deals were completed
significantly quicker than the incomplete treatmdeals (Wilcoxon-Rank-Sunp-
value = 0.000). However, these differences are mepeated when comparing
Treatment 3A with 3B and 3C (Wilcoxon-Rank-Symalue = 0.516).
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Figure 3.5. Number of rounds until deal completeddr full information (2A)
and incomplete information (2B 2C) experimental tratments.

We therefore have some evidence to support thelusion in Shupp et al. (2013)
who found that bargaining was more prolonged imimplete information treatments
but no support for their conclusion that incomplaetermation led to more failures to
reach a deal.

Figure 3.6 illustrates the division of contributsmetween the two purchasers and the
division of surplus between the purchasers andRtwrider for all asymmetric

treatments with complete and incomplete information

For Treatment 2 a statistically significant redaotis observable for Purchaser 1 in
the division of the contribution from 76.9% to 63%tween Treatment 2A and 2B
(Wilcoxon-Rank-Sump-value = 0.000), but only a small non-statisticaiignificant
drop between Treatment 2B and 2C (Wilcoxon-Rank-Suwvalue = 0.390). This
translates to significant changes in the divisibaurplus between Treatment 2A and
2B but not between Treatment 2B and 2C. PurchaseslIonly able to capture 39.4%
in Treatment 2A but in Treatment 2B they could oa@t61.4% of the surplus
(Wilcoxon-Rank-Sump-value = 0.000). At the same time, Purchaser 2 atde to
capture 29.8% of the surplus in Treatment 2A buy dr3.9% in Treatment 2B
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(Wilcoxon-Rank-Sump-value = 0.000). With Private unequal deal paymehés
purchaser with the high deal payment (Purchasea$)able to capture a much higher

share of the surplus.

For Treatment 3 statistically significant reducsaare observable for Purchaser 1 in
the division of contribution from 64.4% to 59.1%tWween Treatment 3A and 3B
(Wilcoxon-Rank-Sump-value = 0.022) and from 59.1% to 52.4% betweeaffnent

3B and 3C (Wilcoxon-Rank-Sunp;value = 0.009). These translate to statistically
significant changes in the division of surplus begw Treatment 3A and 3B, and 3B
and 3C with Purchaser 1 moving from 19% in Treatn3#nto 26.6% in Treatment
3B (Wilcoxon-Rank-Sump-value = 0.022) and 35.5% in Treatment 3C (Wilcexon
Rank-Sump-value = 0.009). Statistically significant diffex@s are also observed for
Purchaser 2’s share of the surplus between TreatB#eand 3B (Wilcoxon-Rank-
Sum,p-value = 0.018) and 3C (Wilcoxon-Rank-Symwalue = 0.011).

Treatment 2: Division of contributions Treatment 2: Division of Surplus between
between Purchaser 1 and Purchaser 2 Purchaser 1, Purchaser 2 and Provider
W P1 Contribution P2 Contribution W P1Share of Surplus = P2 Share of Surplus m Provider share of Surplus

2C 61.7% 38.3% 2C 64.0% 12.9%

2B 63.0% 37.0% 2B 61.4% 13.9%

2A 76.9% 23.1% 24 39.4% 29.8%

Treatment 3: Division of contributions Treatment 3: Division of Surplus between
between Purchaser 1 and Purchaser 2 Purchaser 1, Purchaser 2 and Provider
B P1 Contribution P2 Contribution B P1 Share of Surplus © P2 Share of Surplus B Provider share of Surplus
3C 52.4% 47.6% 3C 35.5% 41.3%

3B 59.1% 40.9% 3B 26.6% 49.2%

3A 64.4% 35.6% tLW  19.0% 55.2%

Figure 3.6. Division of contributions and divisionof surplus for asymmetric
deal and asymmetric default treatments (Treatments2A, 2B, 2C, 3A, 3B, 3C).
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Since the purchasers did not know the other puerkadefault payment in either
Treatment 2C or 3C we claim that a reasonable gssomfor a purchaser would be
to assume that the other purchaser had the sameltdehyment as them. Under that
assumption, we would expect no difference in thésain of surplus between
Treatment 2B and 2C because the purchasers imeea®C would assume, in this
case rightly, that they have equal default payméithe same time, we would expect
to see a difference between treatment 3B and 3@usecthe assumption of equal
default payments in Treatment 3C would be falsee division of surplus results
support this hypothesis. A statistically signifitdifference was observable between
the division of surplus in Treatment 3B and 3C @&¥on-Rank-Sum, Purchaser 1:
p-value = 0.009, Purchaser P:value = 0.011) but not Treatment 2B and 2C
(Wilcoxon-Rank-Sum, Purchasergvalue = 0.387, Purchaser2value = 0.755).

Finally, we explore the difference in the contribas in Treatment 2C compared to
Treatment 3C. In Treatment 3C the purchasers’ tmuttons to the payment are close
to equal, Purchaser 1 contributes on average 5&Héteas Purchaser 2 contributes
47.6%. In the absence of knowledge about the gtherhaser’'s deal and default
payment we might expect the Purchasers to decateetijual contributions is fair.
Although in Treatment 3 there is a small differenteontributions there is a much
larger difference observable in Treatment 2C, Paseh 1, 61.7% and Purchaser 2
38.3%. This suggests a fundamental difference legtvilee deals completed in the
two fully private information treatment. One pogdsibxplanation comes from Zwick
and Mak’s (2012) cost-benefit proposal that becdusehaser 1 has more to gain
from a deal in Treatment 2C than Purchaser 2, thély be more willing to

compromise and offer to contribute a higher shateepayment.
Result 5. Benefits of the deal are stochastic.

The Treatments 4+ and 4- are full information tmesnts, such that the deal and
default payments are public information, but theuakcdeal benefits are stochastic.
The key design feature that distinguishes Treat@#erand 4- is that in Treatment 4+
deal payments are positively correlated; both Pageh1 and Purchaser 2 get their
higher payment in ‘state of the world a’ and theiwer payment in ‘state of the world
b’. In contrast, in Treatment 4- deal paymentsreagatively correlated; Purchaser 1
realises their high payment when Purchaser 2 s=aliseir low payment and vice
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versa,; note that even purchasers lower paymeimigier than their default payment.
In addition, the payments are designed to maingminasymmetry between the
purchasers; Purchaser 1 has opportunities for pgaahents that are as large if not
larger than those of Purchaser 2. For both purchdbe deal payment in one ‘state

of the world’ is larger than that in the other.

Despite the added complexity in the bargaining @doce, participants were able to
reach a deal in a similar number of rounds to asgmmmfull information treatments.
Figure 3.7 shows the number of negotiation rounds deals were completed for the
deterministic treatments (Treatments: 2A, 3A) coragao the stochastic payments
(Treatments: 4+, 4-). The results show no stasiljicsignificant differences in the

number of rounds to complete a deal (Wilcoxon-R8nka,p-value = 0.247).
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Figure 3.7. Number of rounds until deal completeddr deterministic (2A, 3A)

and stochastic (4+ 4-) experimental treatments.

Consider now the outcome of Treatment 4+ in FiguBwhere deal payments are
positively correlated across states of the worlathBr than offering the Provider the
same payment no matter what the ‘state of the wdHd deal that the purchasers
agree to is one where they pay the Provider mdre, 08, if things turn out well and

they both get their high payments (‘state of theleva’) and less, £8.16, if things turn
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out badly and they both get their low paymentsafesiof the world b’). In effect, in
this treatment the purchasers push some of the p$ka bad outcome onto the

Provider.

In contrast, observe the outcome of Treatment 4~ignre 3.8 where deal payments
are negatively correlated. In this case, the Pengts very similar payments in both
‘states of the world’, £9.70 and £9.73. The purelsison the other hand, arrange their
payments quite differently. Compared to positivayrelated case, they pay relatively
more when they are the purchaser to enjoy the ‘gtaté of the world’ (such that the
other purchaser experiences their ‘bad state’) ratatively less when they are the
purchaser to enjoy the ‘bad state of the world’cfsuhat the other purchaser
experiences their ‘good state’). Essentially, iea@ment 4- the purchasers share the
risk of different possible outcomes between thewesetather than with the Provider.

Mean Deal Payoffs - Stochastic outcomes 4+ Payoffs are
positively correlated, 4- payoffs are negatively correlated,
for state of the world a and b
£14.00

£12. 00

m Purchaser 1l mPurchaser 2 Provider

Mean Deal contribution - Stochastic outcomes 4+ Payoffs
are positively correlated, 4- payoffs are negatively
correlated, for state of the world a and b

£10.00

£8.00

£6.00

£4.00

£2 00 I
o A+ a 4+ b a-a3 4-b

M Purchaser 1 Purchaser 2

Figure 3.8. Deal payoffs and contributions from thestochastic benefit
treatments (Treatments: 4+ a, 4+ b, 4- a, 4- b).
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Furthermore, the stochastic treatments provide tiaddi evidence that the
participants are drawn to equal payoffs when infatran is complete. The top panel
of Figure 3.8 shows the mean deal payoffs for Tneats 4+ and 4- are very similar
for each participant in all of the stochastic tneamt scenarios, this is achieved despite
the large differences in the potential deal beaéfi2l Purchaser 1, £9 Purchaser 2 in
4- a). The bottom panel of Figure 3.8 shows thataser 1, the purchaser who stands
to gain the most from a deal, has contributed mader amounts on average than
Purchaser 2 in order to achieve equal or near qupyalffs.

3.5. Conclusion and discussidf

In this chapter, we analyse dual-purchaser mudtigdtbargaining as a mechanism for
procuring ecosystem services. In the real worlds itkely that multiple-purchaser
PES schemes are going to include organisationdwiaig/ with respect to the amount
of benefits they will receive from a successfulpgotiated deal, those benefits may
not be known exactly by the purchasers or be dilffito quantify due to the range of
stochastic natural processes involved, in additsich organisation may also vary
with respect to the benefits outside of a PES sehench as the costs and benefits of
an alternative. As such, we implemented a broadsef experimental treatments to
understand the nature of bargaining outcomes uadange of circumstances that

might characterise a PES mechanism.

In all treatments, the Provider, unlike the purengaswas not able to specify offer
amounts, this difference resulted in the Provideher than being able to bargain for
equal payoffs, instead negotiating towards a mimmacceptable amount above their
default payment. This is consistent with experimkpvidence from the ultimatum

and alternating bargaining literature that negmiret seek a minimal acceptable
amount for the responder (Roth 1995; Schmitt 2004).

A previous multilateral bargaining study found tivaeith incomplete information
negotiations were (i) more likely to result in ta# and (ii) take longer to reach a
successful deal (Shupp, et al. 2013). We find ndesmce to support the first claim,

the proportion of successful negotiations was simih all the treatment scenarios

40 Further concluding remarks on all three chapiargich we highlight potential future extensions,

can be found at the end of this thesis.
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presented—symmetric and asymmetric benefits inaidkoutside a deal, complete
and incomplete information and stochastic payoffise-wtast majority of groups were
able to reach agreements. We find some evidensegport their second claim, the
number of rounds of negotiation was significantligher in the incomplete
asymmetric deal payment treatments (2B and 2C) aomato Treatment 2A but this
pattern was not repeated in the incomplete asynurfault payment treatments
(3B and 3C) compared to Treatment 3A. Overall, @& asded realism into the
experiment through inequality in benefits and inptete information, the number of
rounds needed to reach a deal increased. Whilariexperimental framework most
of the deals were still completed it is importamhbte that the increase in the length
of negotiations could cause real world negotiatimnise a drawn-out and potentially

costly process.

Existing studies have found that subjects were diawards outcomes that equalized
payoffs (Roth, et al. 1981; Hoffman and Spitzer3; 3 uce and Clark 2010a,2010b).
The results of this chapter support this conclusgven full information, it seems

that equal payoffs is a strong point of attracfimnbargaining outcomes.

Furthermore, through varying the level of informoati treatments were included in
which the subjects could not identify the contribns that would lead to equal
payoffs. By varying the level of information two iotheses were tested. Firstly, one
might speculate that with private information, €nbe purchasers can no longer
negotiate to a fair distribution of payoffs, sulgemight instead be drawn towards a
deal in which the purchasers make equal contribattowards the payment to the
Provider. Alternatively, one might speculate thaere with private information if
subjects are undertaking some form of cost beaeflysis as suggested by Zwick
and Chen (1999) and Zwick and Mak (2012) we woulaeet that in Treatment 2, as
Purchaser 1 has more to gain from a deal, andftiteralso more to lose from not
reaching a deal, that Purchaser 1 contributes rwrihe payment compared to
Treatment 3. Our results support the cost-bendiidlygis hypothesis. When
purchasers have different default payments, butalegains from a deal, the
contributions were fairly equal, however, when poechaser has more to gain from
a deal, and therefore more to lose if a deal dadsgon ahead, that purchaser
contributes more. We see this result even whemntdimation is private and the

purchasers do not know their relative advantagessadvantages.
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Finally, the stochastic benefits treatments proWictther evidence of a preference for
equality of payoffs when information is public. Bgstem services differ from most
traditional goods in that there exists an inheusrtiertainty in their production. When
paying for ecosystem services the actual outcondeparyoffs are unknown to the
purchasers. We achieved this by having a 50% chahoae outcome and a 50%
chance of another; although we acknowledge thah&rmium of potential outcomes
would be more realistic, this was not feasible italaoratory experiment. In the
stochastic treatments with positive correlationNgein the purchasers’ benefits, the
purchasers shared the risk with the Provider, shiehin the ‘good state of the world’
the Provider would receive a higher payment contptiréhe ‘bad state of the world’;
in contrast, in the stochastic treatment with negatorrelation the purchasers shared
the risk between each other. This pattern of paysied to fairly equal final payoffs
between the subjects across the different treasraant different states of the world.
In addition, the proportion of successful deals tnechumber of rounds of negotiation
was comparable in the stochastic treatments tor @sgmmetric full information

treatments.

The policy recommendations from these experimemés ciear. Participants in
negotiated dual-purchaser PES schemes can reath tdat are agreeable to all
parties in a variety of scenarios relevant to reakld negotiations, including
asymmetric benefits and asymmetric incomes, incetaphformation and stochastic
benefits. However, the nature of both the benéfn negotiation and the structure
of negotiation leads to different patterns of res@ For example, the negotiations
seek a minimal acceptable amount for the respoftderecosystem service seller);
with full information, the negotiations seek egpalyoffs, this includes asymmetric
benefit, asymmetric income and stochastic bengfitsen the benefits were not
known with certainty); with incomplete informatiothe evidence suggests that the
purchasers implement some sort of cost-benefikthghsuch that when one purchaser
has more to gain from a deal, and therefore moleswif a deal does not go ahead,

that purchaser contributes more.
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CONCLUDING REMARKS

In Part | of this thesis we used an existing CVadat to explore respondents’
preference uncertainty. Chapter 1 set out two cas: the first, to explore the
hypothesis that common elicitation anomalies oletrim CV studies may arise
because respondents with uncertain preferencesequéred to answer as if those
preferences were precisely-defined even when vgloamplex and unfamiliar non-
market goods; the second, to develop and impleme@ot/el econometric method of

analysing uncertain WTP data.

We found evidence that uncertainty alone cannotlagxpcommon elicitation
anomalies such as starting point bias and higheP\WS3timates in DC questions
compared to OE questions. Uncertain preferences,certain preferences, can be
shifted up or down by the elicitation method us€éde exact mechanism through
which elicitation anomalies manifest is not yet agmt. Our study looked purely at
uncertainty as an explanation; in reality there rbaya combination of a number of
factors which are leading to elicitation anomalieduding other aspects regarding
the form of the preferences and the idea that iceftamats of CV elicitation
encourage strategic (Carson et al., (2001)) ocailisidered responses (Poe and
Vossler (2009), Hutchinson et al. (2007)).

To analyse our data we made use of a multi-staega@rametric estimator, adapted
from the duration modelling literature of the medisciences. Our model assumed
that individuals transition to different statesceirtainty as the amount on the WTP
scale is increased to higher amounts. For exarapledividual starts out, at the lower
end of the WTP scale, certain that they would pay @ the amount increases they
transition into a state of uncertainty and finalyo a state of certainty about not
paying. We consider the duration model to be a $beward compared to other
models used to analyse uncertain CV data such ag\d®97) and Evans et al.
(2003) and is comparable to Kobayashi et al. (2013 ability to analyse thresholds
in which respondents switch their certainty abcayipg for a good. Moreover, our
estimator allows statistical analysis over the fatige of the WTP value distribution
without requiring restrictive parametric assumps$io straight-forward expansion of
the estimator would be to include more than thtates, for example, by dividing the
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state of uncertainty into “probably would pay”, treure” and “probably would not

pay”; however including the polychotomous choicespanses relies on the
respondents interpretation of the term “probab@g,noted by Hanley et al. (2009)
this is unlikely to be identical for every responteA further extension to the model
would be the inclusion of covariates such as incomexperience/knowledge of the
good, this would add to the richness of the modél @low further exploration into

the uncertainty range. For example, respondents laiger incomes may be willing
to pay more, shifting their uncertainty range higine the willingness to pay scale.

Directly asking respondents in CV surveys their W3 Bne of the few quantitative

methods available to assess full economic valuelu@ing both use and non-use
values) of non-market goods. It therefore remaiitslly important to better

understand the reasons we consistently observeagba anomalies in such surveys.
Asking people to answer such questions as if ttalygrecisely-defined preferences
when they are uncertain of their preferences magnieeelement of this, however, our
study showed that such uncertainty could not fakplain elicitation anomalies. It

would be interesting to explore if more experienoedknowledgeable respondents
had narrower uncertainty ranges, perhaps becaaseptieferences were more well-
defined prior to the survey, and if those respoitslgmovided values that were
procedurally invariant. A starting point might lmeexamine familiar goods, possibly
in a laboratory environment, to understand if theartainty range is still malleable,
or to examine experience goods to understand tlueirce of learning and experience

on the uncertainty range.

Part Il of this thesis considered multiple buyeeSschemes. In Chapter 2 we focused
on the issue of PES mechanism design when theitgaticentivised through the
scheme benefits multiple groups each of whom miighprepared to contribute to
payments made through the scheme. In particulafpetesed on the issue of spatial
coordination on the demand side of the market; ith&d say, the question of which
beneficiary of the PES scheme buys land-managerhanges on which land parcels.
To study multiple-purchaser PES schemes, Chapteeveloped a framework of
methods. The framework can incorporate differentelosi objectives, for example
objectives for different ecosystem service bengéitsl include different constraints
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on those objectives; in addition, the frameworkvesla variety of PES purchasing

institutions and does this over a variety of spéaiadscapes.

Two simulation modelling environments were credtedighlight the flexibility and
power of the framework of methods. From these emwirents we are able to draw
conclusions about the situations in which we expeaultiple-purchaser PES scheme
to be practical. We conclude that negotiated smhgti Pareto-dominate the
independent and simultaneous solution suggestiag # a minimum, institutions
should be created that coordinate and facilitatgotiation between ecosystem
services purchasers in a particular landscape. derefor many problems there exist
cooperative solutions that Pareto-dominate alltefiia solutions suggesting that
coordinating action through empowering a trustexkér to make decisions on behalf

of both buyers could potentially benefit both bsyer

It would be of great benefit to investigate theswlihgs under a wide range of
different environments and a wide range of multiplechaser decision making
problems. The example we presented in Sectionlb#ved two budget constrained
buyers, although this is a common way of modelBogsystem services buyers it is
just one of a number of possible combinations ¢épial buyers. In Appendix B we
show how the framework can easily incorporate ost pudget constrained buyers

but also target constrained, or profit maximisiegidion problems.

In Section 2.6 we presented a more complex angtieaxample, in that, one buyer’s
benefits rely on the spatial heterogeneity of bigndéfom different land uses in the
landscape and another buyer’s benefits rely onsphettial interdependence and
configuration of land uses in the landscape. Byoohicing spatial interdependence
into either the costs or benefits we created alim@ar decision problem for the buyer.
We showed how a non-linear spatially interdepengeniblem can be linearised and
solved by our framework. Indeed, any buyer’s decigiroblem can be included as
long as it can be represented in a linear way, kewene acknowledge that the
practicalities of solving some decision problemymat, in practice, be a simple task,
particularly if exact optimal solutions are requirdn future work, it would be

interesting to investigate the technical challengiesombining non-linear decision

problems; in addition, there are likely to be fenrtlhechnical challenges in expanding
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the multiple-purchaser framework to include moranthtwo buyers’ decision

problems.

Furthermore, in Section 2.6, we presented an exaofgiow our framework can also
be used to generate optimal patterns of land usesa@ more realistic spatial
landscape, this type of exercise could potentib#yof interest to both buyers of
ecosystem services and policy makers. Policy makeutd, for example, study
specific land-use configurations, producing solusie-exactly which sites to
purchase and who should purchase them—that Papetgidte any solutions that
could be negotiated by multiple-purchasers thinlkafdgheir own self-interest. The
method presented therefore provides the ground¥asri potential policy-relevant

practical tool for facilitating multiple-purchaseES schemes.

One potential avenue for future research wouldlaply the framework of methods
developed in Chapter 2 to real world data. Modgllm actual catchment with real
supply prices and real buyers of ecosystem servieeproving the method outside
of the test environment it would provide increageticy relevance. A more ambitious
expansion could be to develop the framework intooptimal spatial ecosystem
service decision making tool for direct use by ppinakers.

Inside the simulation modelling environment theme @ number of potential
expansions/improvements that could be pursued tarduwork. The negotiated
decision problem is currently not solved to a pahtconvergence as would be
expected by Rubinstein’s (1982) alternate barggirtireory. This is due to the
computationally intensive nested optimisations gedetic algorithm that is built into
the negotiated decision problem, and would theeefequire a smaller and simpler
test environment to prove the concept. In additibe, decision making problems
modelled in Chapter 2 do not allow the buyers terobr receive any form of side
payment, this is an area which has been shown impertant in the outcome of
international agreements (Barrett 1994; Barrett12(Barrett and Stavins 2003).
Finally, the landowner’s costs used in the simalat&nvironment are modelled as
constant, this is clearly unrealistic. Heterogerseousts can easily be included in the
current framework and this includes real world dataere such costs exist. However,
in PES schemes these costs are not just the coghetdarmer of providing

environmental output, as shown in the auctionsditee they may include an element
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of bid shading where the landowner would like tokena profit, alternatively, the
landowner may be willing to accept less than thest if they get some benefit from
engaging in pro-environmental land-management. Waeto model the incentives
of multiple sellers within framework of methods vabe to utilise agent-based

modelling techniques.

Chapter 3 of this thesis also explored the issumufiple purchasers for ecosystem
services but focused on negotiation as a procuremenhanism. We designed and
conducted novel three-person bargaining experimantgich two potential buyers

negotiated not only between each other but also aviieller of ecosystem services to
reach a mutually beneficial outcome. The experisenere structured as non-
cooperative alternating bargaining experiments, re/hievo buyers alternate in

proposing how much each buyer should pay and therefiso how much the seller

receives.

The experiments extend the literature on negotiatis an ecosystem service
procurement mechanism by moving beyond bilaterajotiation to consider
multilateral negotiation with multiple purchaserfsecosystem services. The results
showed that the negotiation outcome is pulled atdynthe nature of the bargaining
setup, future experimental work could explore tlaghining setup further. For
example, previous experimental work from Binmoreakt (1991) highlights the
difference between an exogenous random terminadind a choice to exit
negotiations. Additional experimental work could h&dertaken using our
multilateral ecosystem procurement setup but watigpants able to opt out of the
bargaining process and take their outside optiawvinG participants the option to opt
out of negotiation could lead to more breakdownsthe negotiation process,
particularly if some participants view the benebtfshe negotiation as unfavourable
when compared to the time costs involved in theotiatjon. Alternatively, it may
also have the effect of increasing pressure onptioposer to provide payoffs
considered fair to all parties earlier in the negain process to avoid negotiation

breakdown.

Furthermore, Chapter 3 showed that asymmetric berdth inside and outside of a

deal affect negotiation between multiple purchasts could be a key factor in
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determining the outcomes of negotiation betweentipial ecosystem service

purchasers. The potential exists for future wodida an experimental framework,

for example, taking the differences between thelpasers’ deal payments to more
extreme levels so that one purchaser has conslgdraiher benefits. We could then

test for higher contributions from the purchasehwie most to gain from a deal; this
would add evidence to answer the hypothesis thgésts are undertaking some form
of cost-benefit analysis as suggested by Zwick@nen (1999) and Zwick and Mak

(2012).

Inside the experimental environment there are a baumof potential
expansions/improvements that could be pursuedturduvork. Currently the series
of experiments lack a comparison with a treatmettioumt a participant playing the
role of the seller. Instead of a human seller, r@rob experiment could be conducted
in which the buyers are negotiating towards a geepAlthough one would assume
that the buyers would negotiate so that they oalg fhat set price exactly, there may
be interesting outcomes when the set price carmeplit evenly between the buyers.
In the current design, the series of experimemabuset up such that the seller cannot
propose a price that they are willing to accepth&ttime of designing the experiment
it was decided that it would be unrealistic to allthe seller to specify the amounts
that they wanted the buyers to pay individuallywbweer, one way around this would
be to have the seller request a total amount and g buyers offer such an amount.
Finally, as with Chapter 2, Chapter 3 could berfediin future work which included
multiple sellers of ecosystem services. Additioegberiments could be run as an
auction in which the sellers of ecosystem servioaspete on the price they are

willing to accept.

Extra experimental treatments would provide adddlorealism to the multiple-
purchaser ecosystem service procurement experiimeamework set out in this
thesis, providing further evidence for the oppoities and barriers of multiple-
purchaser ecosystem service schemes. Ultimatelygthoexpansion beyond the
experimental techniques to other quantitative teghles may be necessary, for
example, moving beyond three way negotiation iral@otatory environment may
prove too computationally challenging for the pap@ants. An alternative would be
to move to simulation modelling; for example, siatidn through agent based

modelling would allow for numerous providers of sgstem services and enable the
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simultaneous study of both the demand and supdly ef PES schemes under the
same framework. Ideally, investigations into negtetil multiple-purchaser PES
schemes would then move to small scale field tt@atgin further insights of the kind

that can only be attained through practical impletaigon.

Overall, this thesis applies quantitative techngyué environmental economics,
contributing methodological advances in the econndmanalysis of uncertain WTP
data from CV surveys, the modelling of multiple ghaiser PES schemes and the study
of negotiated multiple purchaser PES schemes ordabry experiments. Being able
to draw on a variety of quantitative techniques/mes the variety of evidence needed
for policy makers to make better informed decisionguture resource allocation such
as the topics discussed in this thesis—the dectsianvest in new coastal defences
or the decision to pay landowners to produce enuir@ntal output.
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APPENDIX Al
The following appendix refers to Chapter 1 and\deyithe estimating equations for

(p, 4, B) used in the semi-parametric estimator.

We first differentiate (1.5) with respect tops:

N |M+1 M+1 M+1
6R) = Y | D dyt mp|+mo[ 1= pr )= Dwp A
i=1]Jj=1 j=1 j=1

Taking the derivative of the first element:
N |M+1
- 2% )
- is —
= Ps

i=1

d;s represents one specifig; for onep;. The sum oti;; across all intervals and all
individuals equates to the number of respondents sunvived which we will denote

n, therefore:

ng

Ps

ps IS also present in two of the primal constrainktsal yield:

ops ® 7 op; J

After combining the equations and setting equalei@ we rearrange to yield:

ps "0

Multiplying through byp, provides the following equation due to the completagy

slackness constraimt,p; = 0.

Ns = Psto (A-2)

Summing over alf wherej = 1,2,...,M + 1

M+1 M+1
S Sin
j=1 j=1
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Hence after substituting’Z;" n; = N andX/Z;" p; = 1 we obtain:

N = pg

Finally substituting back into to (A.2) and reamarg gives the empirical estimator
for p, (1.6).

bs = 7 (A.3)

Next we differentiate (1.5) with respect td,:

w A eﬁtl
o= 3 [ wr n(c et

w A eﬁtl
+ & 1n<1 1T 4 eﬁ“> Z)/kl
N 1 K
A eﬁtl
Z [Z dy” In <1 + A eﬁn)] (A-5)
k=1

i=1

K .
A, ePti
w T
Elair In (1 - T e;m) ] (A.6)

(A.4)

K
_ Zykﬂr (A7)
k=1

Differentiating (A.5) we obtain the following eqi@t due tod;," (r = 1,2,...,K)

being one for respondents who failed in intervahd zero otherwise:

i o A, bt -1 Bt B A, e2Bti
- To\1+ A, eft 14 4. efti (14 4, efti)?
i=

Rearranging and cancelling we obtain:
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N i

1 e,Btl
S (Lo
£ Ay 1+ A, eft

Differentiating (A.6) we obtain the following eqimt due tos;,” (r = 1,2, ...,K)

being one for respondents who survived up to irtlenand zero otherwise:

c w A eftt N\ ehti 1, e2bti
- 5,7 (11— _ _ |
; ir ( 1+ A, eﬁtl> <1 + A, efti (1+ A, eﬁt1)2>

Rearranging and cancelling we obtain:

N 5w Bt
z 14 2, eBt

=1

Differentiating (A.7) we obtain:

— Y

Therefore,

daG 1 eBti ehti
oA 4 A 1+ A ePt 1+ A, ePt
=t (A.8)

Setting the expression in (A.8) to zero and muftig through byA, gives the
following equation (due to complementary slackraswdition ofy, A, = 0 the final
term in (A.8) drops out):
G < A, Pt Aebti
_:zd,w 1_L — 5.WL =0
0, L i 1+ A, efti 14 A, eft
=

Rearranging we obtain:

/1 ,Btl
Zd T LT+ e diy+ 685 r=12,.,K (A.9)

By taking thel, outside the summation and replacing the notatioy:f’ , @ with

ny we obtain:
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pti

N
n,‘{v:lrzl“l—w(dﬁ-}' 51";7) T:1,2,...,K
=

Rearranging to leavg. on the right side of the equation gives:

ny

= A,

efti
{Vll + A, ePtl iy

And finally multiplying the top and bottom of theft hand side of the equation by

gives the estimating equation (1.7):

Ar Y _ 3

2. eBti T (A.10)
1T 7, oFa (i * O
Next we differentiate (1.5) with respect t@3.
/1]( eﬁtl
w

6(B) = Z[Z i ln 1+ T eml>

(A.11)

Ak eﬁtl

w

+ 6ik ln(l— W) ]
N

w Ak eﬁtl
> [Z dy” In (1 — eﬁn> ] (A12)

i=1

N /1]( e'Bti
w
Differentiating (A.12) we obtain the following edian:
ii d w Ak eﬁti - /1k eﬁti ti (Ak eﬁti)z ti
: ik 1+ /1]( eﬁti 1+ /1]( eﬁti (1 + /1]( eﬁti)z

Rearranging and cancelling we obtain:

N K 2y Bt
22w (1= 35 )

i=1 k=1
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Differentiating (A.13) we obtain the following edian:

i 5. w 1— Ak eﬁti - /1k eﬁti ti _ (/1]( eﬁti)z ti
tk 1+ /1]( eﬁti 1+ /1]( eﬁti (1 + /1]( eﬁti)z

k=1
Rearranging and cancelling we obtain:

N
Y

l

N .
A, ePti
SN Y o (2
: 1+ /1k eﬁtl
i=1 k=1
Therefore:
= - iti ay (1- 2 P LG | B
ap - L ik 1+ A ePt e \T+ aceft )|~

G iti oy et
ap =~ L ik 1+ 1, ePt
N | K y 2 Pt
= ZtlZlaik (1+ /1]( eﬁtl' >l

(A.14)
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APPENDIX A2
The following Appendix builds on Appendix Al to mrporate the initial bid level
(the dichotomous choice or open ended contingenatian task, task 1 in Chapter
1) dummy variables for the transition from uncertgito certainly would not pay. In
particular we show how differentiating our modeif§etls when we add in the initial

bid level dummy variables.

K
G, =1InL + po| 11— Zp,- - Zujpj - Zyklk
J J k=1

The only changes are contained inside the hazamdtifun (h;,) which makes

differentiating very simple.

N K
nGo() = [Z dir" (o) + 8 In(1 = hy) ]
i=1 Lk=1

B (A.15)
- zykir
k=1
Differentiating (A.15) w.r.t1,, we obtain:
N
G d;.”
6/12 = Z [( Z - hik> (dirw + 5irw) —Vr (A'16)
T i=1 T
Differentiating (A.15) w.r.15,, we obtain:
N rt.1 K
oG K w
. Z : Z[ dig(1 = hye ) — S hu] (A.17)
T = lgrlie=

Include initial bid level dummy variables for theansition from certainly would pay

to uncertainty.

M+1

=1

J

Taking logs gives:
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N |M+1

In G3(¢]) = z z dijt ln(hcij) + 5l-jt1n(1 - hcij)
i=1]j=1

o (A.18)
- Z Yi®;-
j=1
Differentiating (A.18) w.r.tp; we obtain:
N t
G d;i t
o AR AR
;= J*

Differentiating (A.18) w.r.tx, we obtain:

M+1

N

aG o

a, Z [ : ] Z [ dift(l — hyj ) — 5ijthcij] (A.20)
7 =11971 5=
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APPENDIX A3

We include here the contingent valuation surveydusecollect the data for Chapter
1. Note that question 14 varies depending on winetigerespondent was answering
a dichotomous choice or open ended question.

LOCAION Of INEEIVIBW. .. et ettt ee e e e e e e eeees

CONFIDENTIAL

-Date

-Day (circle correct day)
1= MON 2=TUE 3=WED 4=THU 5=FRI
6= SAT 7=SUN

- Time interview started

(24 hour clock)

- Time interview ended
(24 hour clock)
- Weather conditions (circle the correct response)

(& Sunny =1 (c) Dry =1

Broken Cloud = 2 Drizzle/Showers = 2
Overcast = 3 Persistentrain = 3

(b) Hot (>20) =1 (d) Calm =1
Warm (15-20) = 2 Breezy = 2
Cool (10-15) = 3 Windy = 3
Cold (<10) = 4

- Tide Level (circle the correct response)

Low tide =1
Mid tide = 2
High tide = 3
Not known = 4

- Is the sea (circle the correct response)
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Rough =1
Moderately Rough =2
Calm=3

INTERVIEWER INSTRUCTIONS
1. Statements and questions to be read out arensindvold type;

2. When recording answers circle the number ofaghygropriate response or fill in
boxes as indicated;

3. If interviewing a family group you should aimitderview the head of household.

Hello, I am (GIVE NAME and show ID)from the University of East Anglia we are
conducting a survey regarding the beaches at Soutlold. Would you mind answering
a few questions, it will take about 10 minutes andny information you provide will be
kept strictly confidential.

If willing then proceed. If not then withdraw pd@ly and make a note of the refusal
on the tally sheet.

1. Before | start can | just check if you live in theUK or not ?
If answer = Yes, then proceed

If answer = No, then explain that the questionnairenly applicable to UK citizens,
ask for country of residence then withdraw politehg record this on the refusal tally
sheet making a note of the country of residence.

| want to show you this map of Southwoldghow card 1. Now as you may know,
here is the pier(INDICATE), here is the North beach which you may know as
Easton BaventqINDICATE) and South of the pier is the Town Front beach
(INDICATE)

2. Can you tell me how often you visit each of theseeas (show card 2Jirst the
North Beach at Easton Baventsget responge The Town Front Beach south of
the pier (get responseand finally the pier itself (get response)(NOTE: for
holidaymakers ensure they do not answer 1, 2, 3 alicanswers refer to per year
visits, therefore holidaymakers will usually bepesse 4 or 5)

North Beach
(Easton Town Front
Bavents) Beach (South) | The Pier

1 =1 visit at least daily
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2 = | visit at least 3 times a week

3 = | visit at least once a week

4 = | visit about 10 days a year

5 = | visit about 5 days a year

6 = | visit about once a year

7 = | visit less than once a year

8 = | have never visited here before

3. 0On a typical trip would you visit more than one ofthese areag|f yes circle
all that apply for a typical visit)

0 = No, I would only visit one area on a typicaivigo to Qu.5)

1 = Yes, | typically visit more than one of theseas (go to Qu.4)

4. And which of the areas are theyZcircle all that apply for a typical visit)
1 = North Beach (Easton Bavents)

2 = Town Front Beach

3 = The pier

0 = Not asked (said no to Qu.3)

5. We want to find out where visitors come from, | atmot going to ask for your
full address but can you tell me your home postco@gnote that we are not asking
for their house number so they will not be recegvamy mail)

(Getfull postcode | | | | | | | |

Alternatively, if you do not know your full post code could | have your
approximate address ignoring the house number andreet name (typical
examples are area in a city and that city namej{isbtcity name], or village or
nearest town. In all cases also elicit the couaiy@).

Village or Area within city

Nearest town or City
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6. Roughly how far away is it from your home addressd here?

One way distance in mil
Or distance in metr:

/. Did you set out from that home address today?

Yes =1(gotoQ.10)
No =0 (go to Q.8)
8. Are you staying with family or friends or in rented holiday accommodation
here?
1 = Staying with family/friends
2 = Staying in rented holiday accommodation

3 = Other (please SPECITY) ........cvevvuvermmmmmmeeeeree s e e e e e e e e e eeeeeeeeaaeeaannn

9. How far did you travel today to get here, just theone way distance?

Distance in miles | | | | | OR distance in metre | | |

1 metre is approximately 1 yard

10. How long did it take you to get here today?

|:|:| Hours |:|:| Minutes

11.When you come to Southwold beach which of these giou do often, sometimes
or never (SHOW CARD 3)

ACTIVITY OFTEN | SOMETIMES | NEVER

1. Relaxing on the beach 1 2 3
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. Walking the dog

. Other Walking

. Picnicking

. Fishing

. Boating/sailing

. Swimming/paddling/surfing

. Going to restaurants / pubs /cafes

O | N O g & W N

. Visit local shops or arcades

N e e
NN N N N NN NN
w| w| w wl w w w w w

10. Bird / wildlife watching

12. Which of the above, or any other activity, do yodeel is your main reason for
visiting Southwold sea front today?

Write activity code number (FROM CARD 3/Q.10) iretfollowing box:

OR write in other main activity:

13. How long in total will you spend on the seafrontdday?

|:|:| Hours |:|:| Minutes

Don't know =0

| now want to show you some information ghow info card L Here again is the
map of Southwold(indicate).At present the sea defences along the coast herear
old and in a poor state of repair. This photo showshe North Beach (indicate
upper left photowhere you can see the stumps of the old wooden eletes called
groynes (indicate).At the Town Front Beach the wooden groynes are also a
poor state of repair (ndicate lower left photo)

This has resulted in the erosion of the beach. A®y can see in these pictures the
beach is very narrow at high tide(indicate left hand side pictureg)s actually
considerably narrower than it used to be.
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Government funding will ensure the sea wall is maimined to defend the
properties in the town. However, additional defence could be put in place to
extend the size of the beacl{show info card 1)t is proposed that new sand will
be brought in from the sea and added to the beachebo stop future erosion new
rock defences would be built at the North Beackindicate upper right phot@nd
new timber groynes built at the Town Front Beach(indicate lower right photo).
This will substantially increase the size of both &aches as shown in these photos
(indicate right hand side photos).

The scheme to enlarge the beach would result in atidnal costs. These costs
would have to be met from extra general taxes as jhby your household on the
everyday things you purchase.

In a moment | am going to ask you what is the_mostour household would be
prepared to pay per year in extra general taxes téund the beach enlargement.
However, before you answer | want you to think abouall of the following
(SHOW CARD 4)

1. Irrespective of this scheme, the sea wall at Soutlold will be maintained
and the properties will be protected from flooding

2. There are alternative beaches which you could travéo;

3. And any money you would pay towards this scheme wéli not be

available to you for other purchases.

Dichotomous Choice

14. S0 please tell me whether your household would beliing to pay £ ............
per year for the scheme to enlarge the beaches atghwold?

1= yes
2=n0
Open Ended

14. So please tell me what is the most that your houseld would be willing to
pay per year for the scheme to enlarge the beachasSouthwold?

ANSWEN £. ..o er@nnum

15. Now I realise that was a difficult question and th&you may not be very
certain of your answer. Take a look at this card. @n you tell me which of these
statements best describes your feelings about pagif ............ for the enlarged
beaches?circle appropriate number)
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Definitely Probably Not sure if | | Probably would | Definitely would
would pay | would pay | would pay | not pay this | not pay this
this amount | this amount | this amount | amount amount

1 2 3 4 5

16. We are interested in finding out the amounts of moay that you definitely
would pay and those that you would definitelynot pay for the enlarged beaches.

Take a look at this list of money amountsflick through valuation sheets to show
the range of valugs

IF YES(NO) TO QUESTION 14 DEFINITELY YES (NO)JO QUESTION 15):

Just now you said that you would/(WOULD NOT) pay £............ for the
enlarged beaches. I'll indicate your answer by plang a tick in the “Definitely
Yes”/(“DEFINITELY NO”) box next to that amount.

Now consider the higher/(LOWER) amounts on the list (Pass list and
clipboard to respondentStarting with £ (hext highest/(LOWEST)
amounj, work down/(UP) the list considering each of thesamounts in turn
until you reach an amount that there’s a possibiliy you would not/(WOULD)
pay, however small. Allow respondent time to determine this amquiain,
looking at the card decide which category best desibes your response to that
amount and tick the corresponding box on the list.

Continue working down/(UP) the amounts on the listticking one box for each
amount. Stop once you reach an amount that you deifiely would
not/(WOULD) pay.

IF UNSURETO QUESTION 14 (PROBABLY/NOT SURE TO QUESTION 15):

Just now you said that you “probably would”/’uncertain whether
would”/*would not” ( answer to Question 1pay £ ............ for the enlarged
beaches. I'll indicate your answer by placing a ticin the “probably yes”/’not
sure”/“probably no” box next to that amount.

Now consider the next amount down on the list. Stilooking at the card, if
the amount was £next highest amountyhich of the categories on the card
best describes your response to that amountick in appropriate box next to
amount on valuation shget

Now it's your turn (Pass list and clipboard to respondem/ork down the
amounts on the list, ticking one box for each amounStop once you reach an
amount that you DEFINITELY WOULD NOT PAY.
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Now I'd like you work up the amounts on the list. $arting at (Enext lowest
amount)tick one box for each amount and stop once you rela an amount
that you DEFINITELY WOULD PAY.

17.(FOR RESPONDENTS WILLING TO STATE AN AMOUNTWhy were you
prepared to pay towards this scheme?

NOW GO TO Q.19

18. (FOR RESPONDENTS NOT WILLING TO PAY ANYTHINGWhy were
you not willing to pay for this scheme?

19. There is an alternative schemédshow info card 2which is the same in all
respects except that instead of timber groynes, radefences would be used on
the Town Front Beach(indicate lower right hand side photo)

Thinking back to the previous scheme using wooderrgynes. You said that the
most you would definitely pay for that scheme was> Would you also definitely
pay £X for the alternative scheme using rock groyre rather than timber
groynes.

IF YES THEN ASK HIGHER AMOUNTS, STOP WHEN RESPONDENS NOT
DEFINETELY SURE THEY WILL PAY THE AMOUNT

IF NO THEN ASK LOWER AMOUNTS STOP WHEN THE RESPONNE IS
NOT DEFFINETELY SURE THEY WILL PAY THE AMOUNT

(only tick the highest amount they would definitplyy)

For zero payers in first schemghinking back you said you would not pay for the
timber groynes, would you change your answer for acheme with rock defences?

0=No
1 = Yes (if so ask higher amounts and tick as gpate)

20 .(FOR RESPONDENTS WILLING TO STATE AN AMOUNTWhat is the
main reason for your answer?



21. If Southwold had a bigger beach as described woulgou visit more often,
less often or about the same?

0 = less often
1 = about the same (go to Qu.23)

2 = more often

22. So roughly how many more / less times would you Visach year?

................................................... more / less times per year

23. Now from this card (SHOW CARD 6)could you tell me which letter
corresponds to your age group?

LETTER | AGE IN YEARS

A 0-4

5-9

10-15

16-19

20-29

30-39

40-49

I ® T m O O @

50-59

I 60-69

J 70 +

Age group (Letter please)

24 . Again using the same cardSHOW CARD 6)could you tell me how many people
in your household fall into each age category.

LETTER | AGE IN YEARS| NUMBER IN HOUSEHOLD

A 0-4

B 5-9
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10-15

16-19

20-29

30-39

40-49

I & mf mf 9 O

50-59

I 60-69

J 70 +

25. How would you classify your employment statustSHOW CARD 7)
1 = Full time employed

2 = Full time self employed

3 = employed part time

4 = unemployed

5 = on a government training scheme

6 = retired
7 = homemaker
8 = student

9 = other (please specify)

26. Could you please tell me which of these letters, #& | (SHOW CARD 8) best

describes your total household income (pre-tax ingtiing state benefits, pensions,
interest on investments, etc.)If necessary please stress:

a. All answers are completely anonymous and cenfidl;

b. The importance of getting an accurate replyhts question - we need to account
for the fact that ability to pay clearly influencessponses to tax and entrance fee
questions.

Total Household Income (£)
Letter
Yearly (£) Weekly (£)
0-4,999 0-96
B 5,000-7,499 96-144
7,500-9,999 144-192
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D 10,000-14,999 192-288
E 15,000-19,999 288-385
F 20,000-29,999 385-577

G 30,000-39,999 S577-769
H 40,000-49,999 769-962
I 50,000+ 962+

INCOME CATEGORY LETTER:

27 .1s anyone in your household a member of any of thiellowing groups?
(SHOW CARD 9 Circle all that apply)
1 = Any sports club

2 = Any church/religious/charity group
3 = Lions/Rotary etc.
4 = Women'’s Institute
5 = Sailing/ Boating Club
6 = Angling Club
7 = Beach/coastline campaign group
8 = National Trust
9 =RSPB
10 = Greenpeace/Friends of the Earth
11 = World Wide Fund for Nature
12 = Other local or County nature trust, societyaunteers

13 = Other social group (please specify)

14 = Other not covered above (please specify)

THANK YOU VERY MUCH FOR YOUR HELP
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RESPONDENT SEX (circle number)

Female= 0

Male = 1
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APPENDIX A4

We include here the contingent valuation paymerd aaed to collect the data for
Chapter 1.
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Definitely Probably Not Probably Definitely
Yes Yes Sure No No

Definitely Probably Not Probably Definitely

Value Yes Yes Sure No No

Value

£2 U U U U U £52 U
U U U U U

U
O

U
l

U
O

0
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Definitely Probably Not Probably Definitely
Yes Yes Sure No No

Definitely Probably Not Probably Definitely

Value Yes Yes Sure No No

Value

£102 U U U U U £152 U U U U U

0 O O O 0 £154 0 0 O O O
£156

£158 O
£160 0
£162
£164
£166 O
£168
£170 0
£172
£174
£176 0
£178
£180
£182 O
£184
£186
£188 O
£190
£192
£194 0
£196

£198

£200 O
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Definitely Probably Not Probably Definitely Value Definitely Probably Not Probably Definitely

Value Yes Yes Sure No No Yes Yes Sure No No

£202 L U U l U £252 L
fanTTOE OO OO

£204 0 O O 0 O £254 l
s OO OO
£206

U U

O

l U
0 O

£156

£208 1 O | | O £258

£110 £260
£262

£164
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Definitely Probably Not Probably Definitely Value Definitely Probably Not Probably Definitely

Value Yes Yes Sure No No Yes Yes Sure No No

U U U U £352 L L | | |
0 0 0 £354 [l | |

£356
£358

£360

£362

£364
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Definitely Probably Not Probably Definitely Value Definitely Probably Not Probably Definitely

Value Yes Yes Sure No No Yes Yes Sure No No

U U U U £452 U U U U U
U 0 0 U U
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APPENDIX B1

The decision problems of purchasers of ecosystevites can be modelled as budget
constrained, target constrained or profit maxingsaepending on the motivations of
the buyers. Moreover, the buyers’ problems cannotuded in a broad range of
methods available in the conservation biology ditere. Two key problem designs
have taken prominence in that literature: the gseset covering problem (SCP), and
the species maximal covering problem (MCP) (Willgrat al. 2005). In the species
SCP the objective is to select the minimum numlédamd parcels (or area) whilst
selecting at least one land parcel containing spebies or other features. In the MCP
the objective is to maximise the number of spe(e®ther features) represented in
the solution whilst setting a limit on the numbéftamd parcels selected. Such models
can be used instead of SCP where appropriate awelleeWilliams and Boland
(2002) give a good introduction to how these modetsused in the reserve selection
literature as well as grounding the subject in &ewha common problem (facility

location) in operations research.

Here, as in the main text for the Chapter 2, weigaan the species SCP. In particular
we show methods for expanding our framework of mesio be able to include target
constrained and profit maximising buyers, highlighta method (tangent line
approximation) to deal with the inherent non-lingeof profit maximising problems.

As a reminder, a species set covering problem earepresented in the following

model:
N
min ij (B1)
x ]
j=1
N
s.t. Zaijxj21 i=12,..,m
j=1
Xj € {0,1} j=12,..,N

where N is the number of land parcels and m isitheber of species. #f;; = 1 then
species is present at land parcelnd O otherwise and # = 1 then land parcel j is
selected. The species SCP objective (B1) minimieesnumber of land parcels

selected while the constraint ensures that eadhiespis represented at least once.
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Target-constrained buyers

A number of potential purchasers for ecosystemicesvare more concerned with
achieving a certain target level rather than spendi budget, as an example let us
imagine a national government concerned about ngpdtieir carbon reduction
targetél. The primary consideration in meeting ecosystemice targets is to keep
costs as low as possible, therefore the objectif’esch buyers can be modelled using
a variation of the species SCP. Specifically, iagdtef simply minimising the number
of land parcels or area of land parcels selectedameninimise the total cost of land
parcels selected whilst meeting both the specipsesentation constraint and the
target constraint (Williams, et al. 2005). For exdenn the following objective:

N
mxin Z CiXj (B2)
j=1
N
s.t. Zauszl i=12,..,m
j=1
N
j=1
x; € {0,1} j=12,..,N

Whereg; is the cost of land parcg] b; is the benefit of land parcg] andT is the

carbon reduction target. As the buyers’ problemmslmarepresented in a linear form
they can easily be included within the frameworknathods set out in Chapter 2.

Profit maximising buyers

Other buyers’ decision problems may be better sspried by a profit maximising
problem, in other words the buyers are looking tximise the difference between

4L A further example of a potential purchaser prieitj a target at the minimum cost would be the
offsetting of environmental harmful activities in@locality by purchasing ecosystem services
elsewhere. In that situation, it is easy to imagfra the motivation of the developers can agaioeto

modelled by meeting a target of ecosystem serfarethe minimum cost.
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their costs and benefits. To illustrate, let usgima a water company paying for
upstream catchment management. Measuring the w@tgpanies benefits could be
represented using a number of metrics, for exangpileic metres of clean water or
reduction in a particular pollutant entering thet@veourse, however to calculate the
difference in the costs and benefits requires treehts to be measured in monetary
terms. The relationship between monetary benefitk ecosystem service benefits
need not be linear, indeed by assuming diminismagginal benefits, the benefits are
inherently non-linear. To fix ideas, imagine a watempany has a water abstraction
point downstream to a number of farms, and agudcaltactivity from these farms
leads to the runoff of a variety of pollutants. \8&n imagine that the benefit to the
water company from each upstream farm changing titarnative land-management
practice is independent but that the monetary ltsrefe dependent on the quantity
of farms that have already converted to an altera#énd-management practice (from
the classifications of benefits in the main texs tiwould be an example of spatial
interdependence - quantity). For example, if theelleof ecosystem services have
already been increased such that the water quadliiye river meets drinking water
standards then there is minimal benefit to the watenpany from a further land-
management change. Furthermore, if the water quafitthe river is just above
drinking water standards then the water company maag relatively cheap methods
for dealing with low levels of pollutants, suchdikition; however, if the quantity is
a long way from drinking water standards, the watenpany may have use expensive

methods of cleaning the water, such as active catdxhniques.

A profit maximising buyer’s decision problem canregresented in the following:

N
max z Flbx) — (cjx)) (B3)
=1
% €{0,1) ji=12..,N

where f describes the relationship that the benefits hlavaoney. By maximising
the difference between costs and benefits the hwileselect all the land parcels that

provide a positive contribution to overall profit.

An important aspect of the profit maximising objeetis the non-linearity in the

benefits of the buyerf(b;x;). Assuming diminishing marginal financial benefits
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leads to a difficult combinatorial problem to salvEo the best of the authors’

knowledge little work has been done on these probleithin the ecosystem service
literature, however, similar problems have beedistliin other areas. For example,
the competitive facility location problem uses sganteractive models to study the
best place to locate new facilities dependent erldbation of other facilities and the
location of customers (Aboolian, et al. 2007,20@9oolian et al. (2009) show that
incorporating non-linear spatially dependent bdadfito objectives can be solved by
off-the-shelf linear optimisation programmes by ngsi the Tangent Line

Approximation (TLA) technique. The TLA techniqueris a piece-wise

approximation of any non-decreasing concave funatibich goes through the origin
and is a twice differentiable. This type of functic commonly used to represent

diminishing marginal benefits.
Tangent line approximation (TLA)

The TLA procedure is based on the piece-wise appabon of a non-separable
concave objective function, for further details é&boolian, et al. 2007,2009).

Let f(bjx;) be a concave, non-decreasing and twice-differelatifunction with
f(0) = 0. The aim of the tangent line approximation techmits to create a piecewise
linear approximatiorf *(b;x;) with a the bound on the error of the approximation,
such thatf(b;x;) < f*(b;x;). The benefits function and the piecewise linear

approximation are presented in Figure B1.

4
f(byx))

R Y -
ds

b.x.
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Figure B1. A concave function with a piecewise lirag function approximated

using the TLA technique.

The dotted line in Figure B1 represents the piesevinear approximation of the
concave benefits function. The approximation idexsti. break points along thig x;
axis:cy, ¢, ..., ¢, andL corresponding points along tfiéb;x;) axis:d,, d, ..., d,,.
To describe the TLA technique we make us of théowoahg notation: each line
segment is indexed bywith [ = 1, ..., L, in addition,s; represents the slope of line
segment, the starting point of segmehis represented by; and the end point of a
segment;, ;.
To represent the functional form of the profit nmaiging purchasers diminishing
benefits curve we use the following:

Fby) = 0 (B4)

A+ bjx;

where A denotes a constant.
The derivative of equation B1 is:

A

"(hix)) = ——
f(Jx]) (A+bjxj)2

(BS)

Stepll=1, CO:dOZO, Sl=f'(0)

We start by setting’“(b]-xj) = 0 and using the point 0 as the starting point fer th
first segment. Furthermore, we set the slgpef the first segment equal f8(0). To
find the end point, of the first line segment we need to find the edr b;x; where

FEbjxj)-f(bjxj)

) = a. To do that we calculate the poifft(c;) on the
fbjxj)

relative error(

ray originating at O and with the slopgthat gives a relative error af
So + 5161 = f(c1)(1 + ) (B6)
wheres, is the intercept and for the first segmept= 0. Equation B6 can be re-
written as:
€1
A+ ¢
And the value ot; can be found by solving the following quadraticiagpn:

SO + 5161 = (1 + 0{) (B7)
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. —(As;+sp—1—a) + \/(so + As; — 1 — a)? — 4(s1)(4sp)

(B8)

254

To find the value of the corresponding paiqt d; = dy + s;¢; — ¢p-
Step2:l=1+1

To calculate the slope of segmdnfor [ = 2,...,L we find the slope of the ray
originating at pointd;_4,d;_,) that is tangent t¢(b;x;). The point of tangency,,
has two requirements: the ray originating at p@ipt,, d;_;) and the curve (b;x;)
meet and at that point in space the derivativegqual. The slops, is calculated as

f'(c;)- The end point; is calculated as in step 1 such that:

—(As;+ s —1—a) £ J(As; + 5121 — 1 — a)? — 4(s;)) (As1_1)
Cl =
25[

The procedure continues unfit (b;x;) has been defined for all points along the;

(B9)

axis.

The TLA technique defineg®(b;x;) asL piecewise linear functions, those linear

functions can be included in our framework of mefhbecause it consists of the sum

of L linear functions:

L
f“(b]x]) = z qi151Z; (BlO)
=1

wheregq; is the length of each segmesytthe slope and; denoteL new continuous
decision variables. Thus to obtain a linear modeg& has to price to pay in terms of
the increasing the size of the problem.

The water company’s profit maximisation decisionlgem can now be modelled as

an integer linear program:

j=11=1
N L (B11)
s.t ijxj =qu z;
j=1 =1
x; € {0,1} j=12,..,N
0<z <1 l=12..L
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where the first constraint relates thedecision variables back to the origingl

decision variables and the concave shape of thginaubenefit function ensures the

segments enter the solution to the integer lineagnamme in the correct order.
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APPENDIX B2

Here we provide example code from the genetic algtiim and integer
programming models from the negotiated PES purchasg institution.

%% Genetic Algorithm

%% |. Setup the GA parameters

ff ='fitnessfung' % 2 Absolute Buyers

ff2 ='fitnessfunc2’ % 1 Absolute 1 Relative
Buyer

maxit =100; % maximum number of
iterations

maxcost =9999999; % maximum allowable cost
popsize =100; % set population size
mutrate =0.001; % set mutation rate
selection =0.5; % fraction of population kept

%% 1l. Create the initial population

% Generate a random population
if RndCount ==
p0 = zeros(bigN - Nsites_L,1) ; p1 = ones(Nsitgl); p = vertcat (p0, pl);
pop = zeros(popsize,bigN);
for pindex = (1:1:popsize)
loopsites = reshape(p(randperm(size(p,1)PigN);
pop(pindex,:) = loopsites;
end
end
% randperm(n) returns a row vector containing aoam permutation of the integers from 1 to n
inclusive.

%% IIl. Main genetic Algorithm Loop

iga=0;% generation counter initialized
while iga<maxit

%% IV. Call the integer programmes which model thebuyers’ decision problems

if Relative ==
[sol, value, valuefollower] = feval(ff,pop,bigN, lfower_benefits, leader_benefits,
cost_final, Nsites_L, BudgetF, BudgetL, sol, valsuefollower, constraint);
% Spatially independent - water quality buyer

elseifRelative ==
[sol, value, valuefollower] = feval(ff2,pop,bigNglfower_benefits, leader_benefits,
cost_final, Nsites_L, BudgetF, BudgetL, sol, vaauefollower, constraint,
pair_dist, pair_dist_len, speciesbysite_mat, N&®ed_constraint, Xx_constraint,
cutoff, m, n, alt_LF);
% Spatially interdependent — Biodiversity buyer

end

iga=iga+1% increments generation counter

%% V. Stopping criteria
if iga>maxit || cost(1)>maxcost
break
end
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%% VI. Selection criteria

% Keep top chromosome

Top = pop(1,:);

for ic=1:2:popsize/2
offl = zeros(1, bigN); off2 = zeros(1, bigN); off3zeros(1, bigN); off4 = zeros(1,
bigN);
A = pop(ic,); B = pop(ic+1,: 0 select mates
[AB1, AB1lind] = find((A==1)&(B==1));
[ABx, ABxind] = find((A==0)&(B==1)|(A==1)&(B==0));
RndABXxind = randperm(size(ABxind,2), size(ABxind2);
% random integers half the length of ABxind
RndABxind2 = randperm(size(ABxind,2), size(ABxinii2);
% random integers half the length of ABxind
% Update offspring
offl(ABlind)=1; offl(ABxind(RndABxind))=1;
off2(ABlind)=1; off2(ABxind)=1; off2(ABxind(RdABxind))=0;
off3(ABlind)=1; off3(ABxind(RndABxind2))=1,;
off4(ABlind)=1; off4(ABxind)=1; off4(ABxind(RdABxind2))=0;
% Assign to pop
pop(ic,:) = off1;
pop(ic+1,:) = off2;
pop(popsize + 1 - ic,:) = off3;
pop(popsize - ic,:) = off4;

end

% Insert the top chromosome kept from last iteratio

pop(popsize,:) = Top;

%% VII. Mutate the population

nmut=ceil(popsize*bigN*mutrate);

for ic = 1:nmut
rowl=ceil(rand*(popsize-1))+1;
coll=ceil(rand*bigN);
col2=ceil(rand*bigN);
temp=pop(rowl,coll);
pop(rowl,coll)=pop(rowl,col2);
pop(rowl,col2)=temp;
im(ic)=row1,;

end

% Check for infeasible populations
for fcheckind = 1:popsize
if sum(pop(fcheckind,:),2) > Nsites_L; % row sum
pop(fcheckind,:) = reshape(p(randgsize(p,1))), 1, bigN);
% Replace infeasible populations with random
populations
end
end

end
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Below are examples of the integer linear prograngnuised for the buyers’ decision
problems in the negotiation process called in Btepf the genetic algorithm.
They are programmed as CPLEX objects within Matlab.

%% Water quality buyer:
% Initialize the CPLEX object
cplex = CplexplexMIP); % Cplex object

cplex.Model.sense'maximize; % Maximise or Minimise

% Use arrays to populate the model

cplex.Model.obj = follower_benefits % objective

cplex.Model.lb = zeros(bigN,1); % lower bound

cplex.Model.ub = ones(bigN,1); % upper bound

cplex.Model.ctype = repmat(1,bigN); % variable type (binary,
continuous)

cplex.Model.A = [cost_final;

pop(pop_ind,:)
follower_benefits
% constraints
cplex.Model.lhs = horzcat(BudgetBudgetL,Nsites L, constraint);
% left hand side constraints

cplex.Model.rhs = horzcat(0,Nsitesinf); % Right hand side constraints
% Optimize the problem
cplex.solve(); % call the solver

%% Biodiversity buyer:
% Initialize the CPLEX object
cplex = CpleplexMIP); % Cplex object
cplex.Model.sense'maximize; % Maximise or Minimise

% Use arrays to populate the model

cplex.Model.obj = horzcat(zeros(gNy),pair_dist); % objective
cplex.Model.lb = zeros(bigN+pairstdilen,1); % lower bound
cplex.Model.ub = ones(bigN+pair tdisn,1); % upper bound

cplex.Model.ctype = horzcat(repriztl,bigN),repmat(C',1,pair_dist_len));
% variable type (binary,
continuous)
cplex.Model.A = [horzcat(speciesty/smat,zeros(Nspecies,length(pair_dist)));
horzcat(x_constraint,-z_constiain
horzcat(cost_final,zeros(1,paist den))
horzcat(pop(pop_ind,:), zerosdir,pdist_len))];
% constraints
cplex.Model.lhs =
horzcat(ones(1,Nspecies),zeros(1,pair_dist_lemstgpair_dist_len),Bu
dgetF + BudgetL,Nsites_L);
% left hand side constraints
cplex.Model.rhs =
horzcat(inf(1,Nspecies),inf(1,pair_dist_len),infair_dist_len),0,Nsites_L);
% right hand side constraints
% Optimize the problem
cplex.solve(); % call the solver
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APPENDIX C
Chapter 3: Experiment walkthrough

Welcome

Welcome to the experiment! We are about start.

Before we start, please could you put away anytkiag you have on your
desks and turn off and put away your mobile phoWés will be paying you
for your participation in this experiment and itur we expect that you will

focus on that task for the next hour to an hourahdlf.

During that time you and the other participantsiearoom will be undertaking

a series of 7 tasks on the computers.

In those tasks you will be teamed-up with 2 othetipipants to make a group
of THREE people. You won't know who the other peogte in your group

and the members of your group will change from tasiask.

Each task will involve you negotiating with the ethmembers of your group
in an attempt to agree on a DEAL. Whether you reactieal and what
particular deal you agree upon will determine houclmmoney you will be

entitled to from that task.

On your desk, you should have a document outlithegkey elements of each
task. You can refer to that as we walk you throhglv a task will be played

out on your computer.

Task and Round Counters and Timer

To do that, we are going to begin by introducing y@the basic elements you
will see on the screen in each task. So, to théefbpf your screen you should
see a task counter, this will update as you workuph each of the seven

tasks.

In each task you will go through a series of rouafisegotiation with the
other members of your group. The counter to theigig will tell you which

round of negotiation you have reached.
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* The final element at the top of the screen is @&itinfou should now be able

to see that counting down.

* During the negotiations you will have to make dietis, but you will only
have limited time to come to those decisions ... gones as little as 10
seconds. As soon as it is your turn to make a wegithe COUNT DOWN
begins. If the countdown reaches zero then you WME OUT and forfeit
your opportunity to make that decision ... which nhaye an impact on how
much you get paid. As a result, you will have tokhquickly during the

experiment.

Task

1 of 1 Remaining time 25 ROUND 0 OF NEGOTIATION

Default Payment

* In each task, each person in a Group of 3 is aloc#o take the role of
PLAYER 1, PLAYER 2 or PLAYER 3 ... which particulaole you take on
will change from task to task.
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Each player in your group starts out entitled te ttame DEFAULT
PAYMENT. This is the payment that you will get byr negotiations fail and

the three members of your group cannot agree tBALD

The first box on your screen shows this payment.dfathe tasks you will
undertake today your DEFAULT PAYMENT will be £7.50.

Alternatively, provided each of the 3 players irugygroup agrees to the idea,
then instead of each member getting their DEFAUIAYMENT they will
get their DEAL PAYMENT instead.

Task

1 of 1 Remaining time 0 ROUND 0 OF NEGOTIATION

PLAYERS 1, 2 & 3: Default
Payment (if no Deal)

£7.50

Deal Payment Players 1 & 2

The Deal payments for Players 1 and 2 are showimeitwo boxes that have

now appeared on your screen.

Notice that the role that you will be playing inyaparticular Task will be
indicated to you by highlighting the title of thRllayer’s Deal payment box in
Blue. In this example, you are Player 2 ... thoughember which role you

play will change from task to task.
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If you agree to a deal, then in some tasks thegelrmanore than one possible
outcome and you won’t know which of those outcomidigurn out to be your
actual Deal payment until after the negotiationgehfanished. We label those
different Outcomes A and B. In the task we are wasg here, however,
there is only one outcome ... outcome A. Accordingl/Player 2 in this task,
if your group were to agree to a Deal then you loari00% certain that you
will be due a Deal payment of £19. The first fasks will be just like this.
Don’'t worry, we’ll come back and talk you througle&ls with more than one
Outcome before you start on those tasks.

Notice that as Player 2, your Deal payment of £1&nsiderably higher than
your Default payment of £7.50. The same is truePiayer 1 who stands to
make £14 if a deal is agreed as opposed to theulgdayment of £7.50.
Indeed, in all the tasks Players 1 and 2 will alsvagve Deal payments that
are larger than their Default payments and, theeefwill be keen for all 3

Players to reach an agreement that allows themlaion ctheir Default

payments.
Task
1 of 1 Remaining time [sec]: 0 ROUND 0 OF NEGOTIATION
PLAYERS 1. 2 & 3: Default Payment (if no Deal
£7.50
PLAYER 1: Deal Payment PLAYER 2 (YOU): Deal Payment

Outcome  Probability Payment Outcome  Probability Payment

A 100% £14.00 A 100% £19.00
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Deal payment Player 3

The key obstacle in reaching an agreement, howesveéirat the Deal payment
for Player 3 is always zero. You should be ablsge the Deal payment box
for Player 3 at the bottom of your screen.

For that reason, the only way agreement can bénedais if the Players can
negotiate a DEAL. That Deal involves Players 1 ancbmmitting to share
enough of their Deal payments with Player 3 smaohvince Player 3 that it

is worth their while agreeing to the Deal.

Negotiations in a task always begin with Player dkmg a PROPOSAL to
Player 2. In that Proposal Player 1 suggests howhnai their own Deal

payment and how much of Player 2's Deal paymenildhoe offered to Player
3. The sum of those two suggested contributioniseégproposed payment to

be made to Player 3.

Player 1's Proposal is passed on to Player 2 whst ohecide whether to
REJECT or ACCEPT it. If Player 2 rejects the Pr@bothey may get the
chance to offer a COUNTER PROPOSAL ... and nedotiatmay go back
and forth between Players 1 and 2 until they finaljree on a Proposal to
offer to Player 3.

Reject Proposal

In this walk through, we join the negotiations pady through. In the left
hand side of the Proposal Accept/Reject Box thatjhst appeared on your
screen the Proposal History table which lists #et b proposals that have
passed between Players 1 and 2.

In this case, Player 1 started the negotiationrop@sing that she pay £2.50
towards a payment to Player 3 while you, as Pl2yeshould contribute a
further £7.50 ... giving a total Payment to Playesf £10. In this case, you
rejected that proposal (which is why it is colouned in the table) and
suggested a counter proposal in which Player 1 aidnd you paid £4 (a
total Payment to Player 3 of £9). Unfortunatelyay@r 1 wasn’t happy with
that proposal and rejected it, coming back withth@oproposal in which she
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pays £4 and you pay £8. Since that is the currepgsal on the table, it is

coloured black in the Proposal History table.

You can see that current proposal written outrigdan the right hand side of
the box in red text and next to it a red decisiotidn with the word “rejected”
written on it. This is exactly what the screen vadbk like when you first
receive a proposal to consider. The fact that @oestbn button says “rejected”
and the text is red indicates that you currentlgnd to reject that proposal.

By clicking on that decision button you can inde&anstead, that you would

like to Accept the Proposal instead. Go ahead gnithat now.

Notice that the text has gone green and the decksitton is now grey with
the word “accepted” on it. That indicates that yourently intend to accept

the proposal.

To register your decision you MUST press on OK. Y&tear word is written
on the button when you press OK will be the deaisjou register in the
negotiation. If you fail to press OK then the corgowvill not register your
decision and just assume that you have rejecteBrnbgosal.

Now click on the decision button again to chandmaitk to rejected. Observe
the text that appears next to the OK button. Téms is a warning, informing
you that should you click OK and thereby rejectpghgposal then you run the
risk that the NEGOTIATIONS WILL FAIL. If that happes then no Deal is
reached and each player will have to content theresevith their DEFAULT
PAYMENT.

In this case the Probability of such a failure heppg if you decide to reject
the proposal is 1 in 30. If you were to go ahead press OK, the computer
would use its random functions and those oddstabksh whether you have
been unlucky and the negotiations have failed. iigua negotiation those
probabilities start out low at 1 chance in 50®y.the time 5 rejections have
been made in a negotiation that probability isw@d tin 100 ... by the tenth
rejection 1 in 15 ... and by the fifteenth morentdain 2.
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e Making this decision even harder is the fact that fiave to do it against the
clock. We've disabled that for the purposes of Wk through, but when you
start the real tasks, as soon as you see thisnstireecountdown clock will
start clicking down. If you haven't pressed OK egister your decision by the
time the countdown clock reaches zero, the computesimply assume that

you are rejecting the proposal.

* Let’s, assume that you are sufficiently unhappyiliis Proposal that you are
prepared to take the risk of rejecting it. Makeestire decision button says
“rejected” then press OK. Actually we've disablédtt button as well, but we

will move you on automatically from our master pramg.

Task
1 of 1 Remaining time [sec]: 0 ROUND 0 OF NEGOTIATION

PLAYERS 1, 2 & 3: Default Payment (if no Deal)

£7.50
PLAYER 1: Deal Payment PLAYER 2 (YOU): Deal Payment
Qutcome Probability Payment Qutcome Probability Payment
A 100% £ 14.00 A 100% £19.00

PROPOSAL ACCEPT/IREJECT BOX

Proposal History Accept or Reject the Proposal before you Time Out ...

Qutcome A Outco

PLAYER 2 (you)
me PAYS:

Probability PLAYER 1 PAYS:

Proposer Player 1 Player 2
A 100% £4.00 £8.00
Player 1 £2.50 £7.50
Player 2 £5.00 £4.00
Player 1 £4.00 £8.00

Probability negotiation 1in 30

will fail on rejection:

PLAYER 3: Deal Payment

£0

Make a Proposal

* Inthis case you got lucky and the negotiationsmditifail. You now have the

opportunity to make a proposal of your own.

* To make your counter proposal you fill in the amisuthat you think that you
and the other player should make to Player 3 imthxes provided. In entering
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those amounts, be aware that the units are in fisyou want to include a
pence amount (which you are perfectly entitleddpybu will have to enter it

after a decimal point.

Since these amounts will be paid for out of Deainpants you will never be

able to suggest an amount that exceeds a Playedkdayment.

Please fill in the boxes with the following propbg$layer 1 pays £5, you pay
£6. Now press enter to register your proposal. déothat in deciding on a
proposal, you will again be up against the clotthé countdown reaches zero
before you have pressed the Enter button, thercongputer will simply

assume that your proposal is that you both paypf8dyer 3.

Go ahead and press Enter to send you proposab ¢ffatyer 1 for them to
consider ... though again notice that for the purpadehis walk through that
we have disabled the Enter button and also havéhgotomputer to ensure

that you entered the amounts £5 and £6.

Task

1 of 1 Remaining time [sec]. 0 ROUND 0 OF NEGOTIATION
PLAYERS 1. 2 & 3: Default Payment (if no Deal
£7.50
PLAYER 1: Deal Payment PLAYER 2 (YOU): Deal Payment
Qutcome Probability Payment Outcome Probability Payment
A 100% £14.00 A 100% £19.00
PROPOSAL BOX
Proposal History Enter a new proposal before you Time Out ...
Outcome A Outcome  Probability ~ PLAYER1 pavs: PLATERZlyou)
Proposer Player 1 Player 2
A 100% 0.00 | | 0.00

Player 1 £2 50 £7 50

Player 2 £5.00 £4.00

Player 1 £4.00 £8.00

IR

PLAYER 3: Deal Payment

£0

Waiting for the Other Player to Consider a Proposal
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* Once you have sent your proposal to Player 1, yiiluneve on to a waiting
screen. This shouldn’t take too long, but pleaseetiaain patient ... there’s
nothing more you can do until Player 1 decides treto accept or reject

your proposal.
Accept Proposal

* In this case Player 1 decided to reject your prapdu all got lucky in that
the negotiation did not fail when they pressedateje and now Player 1 has
come back with a new Proposal. In this Proposajld?la pays £4.50 and you
contribute £6.50 towards a combined payment tod?layf £11.

* Notice that the Proposal History table has beeratgolto show your last

proposal ... which Player 1 rejected ... and Play&enéw proposal.

* Notice also that the risk of the negotiations faglif you reject has also gone
up from 1in 30to 1in 15.

» Let'simagine that you are now happy with the psgi@nd don’t want to take

the risk of rejecting.

* Toggle the decision button so it reads “accepted!’then press OK to accept

the proposal and then we will move you on to the sereen.
Waiting for Player 3 to Consider an Offer

* The proposal that you have agreed to with Playembw sent over to Player
3 to consider. You will now have to wait to see tiee Player 3 is going to
accept your Offer.

» If Player 3 does accept your offer, then everyas® ¢onsented and a Deal is
done. If Player 3 rejects your Offer then you maythe chance to enter into
fresh negotiations with Player 1 to see if you agree to another Offer to put
before Player 3.

Player 3 waiting for an Offer
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* Again, if you are Player 3, please be patient .maty take Players 1 and 2 a
few rounds of proposal and counter-proposal bedgreeing on an offer ...

provided negotiations don't fail before they reachagreement.

Accept/Reject Offer

* When (and if) an offer arrives, Player 3 will sescaeen containing an Offer
Accept/Reject Box just like this. To the left igable listing the offers that
have been made to Player 3 in this task. To tH# gigu can see the current

offer and buttons allowing Player 3 to accept geaethat offer.

* Notice that Player 3 only sees the total amourttRleyers 1 and 2 have agreed
to pay, not their individual contributions.

* The buttons on this screen work in much the sameasahose we looked at
previously. When the screen first appears to Playdre decision button will
say “rejected” indicating an intention to rejece t@ffer. Again, rejecting an
offer comes with a risk of the negotiation failinthat risk is written next to
the OK button.

* Forthe sake of argument, let us assume that gdRlgger 3, are happy enough
with this offer to think that it is not worth talgrthe risk of rejecting. Toggle
the decision button so that it goes from “rejectaml*accepted”, the text of
the Offer should go green and, since you are nawplamning to reject, the
risk information disappears.

* Again in the real tasks you will be making this idean against the clock and
you will have to hit the OK button to register yodecision before the

countdown times out.

* Press OK now ... though remember for the walk throwglve disabled that

button and will move you on from our control progra
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Task

1 of 1 Remaining time [sec]. 0 ROUND 0 OF NEGOTIATION

PLAYERS 1, 2 & 3: Default Payment (if no Deal

£7.50

PLAYER 1: Deal Payment PLAYER 2: Deal Payment
Qutcome  Probability Payment Qutcome  Probability Payment
A 100% £1400 A 100% £19.00
OFFER ACCEPT/REJECT BOX
Offer History Accept or Reject the Offer before you Time Out ...
Outcome A Outcome Probability Payment to You

Previous Offer: £0.00 A 100% £11.00
Current Offer: £11.00

PLAYER 3 (YOU): Deal Payment

£0

Deal Done Screen

« Since Player 3 has accepted an offer made by Rldyand 2, this task ends
with all three players agreeing to a deal. In taise, Player 3 has foregone the
fall-back payment of £7.50 in favour of the £11eoéfd by Players 1 and 2. If,
at the end of the experiment, this task was piadethe one as the one that
counts for real for Player 3, then this will be #imount of money they earn

from participating in the experiment.

* As a deal was done by this group, each will nowasereen showing what

they stand to gain from that task.

» Before they can move on to the next task, they alle to wait until all the
other groups finish. Once everyone has completedtdkk, the next task
begins by teaming you up with a different set ob faeople to form a new
group.
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Stochastic treatment walkthrough

We are now moving on to another set of tasks widh slightly more
complicated than those you have just done in schnascthe Deal payments
for Players 1 and 2 can take one of two possiblieegaand which of those is

the actual value is not known during the negotretio

Information Boxes

Those two possible Deal payments are shown as @etéoand Outcome B
in the information boxes for Players 1 and 2. Notitat Player 3 always has

a Deal payment of £0 whatever the outcome.

While you do not know which outcome will be thewadtoutcome, you do
know that there is exactly half a chance (50% chpitowill be Outcome A
and half a chance it will be Outcome B. In thiseza$ it turns out to be
Outcome A, your Deal payment as Player 2 will b& fdhile the Deal
payment for Player 3 will be £20. If, on the otlend it turns out to be
Outcome B, your Deal payment will be £11 and Pldyemwill be £10.

Task

3 of 3 Remaining time [sec]: O ROUND 0 OF NEGOTIATION

PLAYERS 1, 2 & 3: Default Payment (if no Deal)

£7.50

PLAYER 1: Deal Payment PLAYER 2 (YOU): Deal Payment

Qutcome  Probability Payment Qutcome  Probability Payment

A 50% £20.00 A 50% £17.00

B 50% £10.00 B 50% £11.00

PLAYER 3: Deal Payment

£0
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* Now in making a Proposal you must consider whatngts you think should
be made to Player 3 in the event of Outcome A anatt\ywayments should be
made to Player 3 in the event of Outcome B. Youtrfilishose amounts in
the boxes provided and then press Enter to sendPyoposal to the other

Player to consider. Again you will be making yoecisions against the clock.

* In deciding on those amounts bear in mind thatd?l8ymight be prepared to
take some of the risk and accept an offer in whgalgment in one of the

outcomes is below £7.50, provided the payment endtiher outcome was

Proposal Screen

sufficiently high that they thought taking thatkriwas worthwhile.

Task

3 of 3

Remaining time [sec]: O

ROUND 0 OF NEGOTIATION

PLAYERS 1, 2 & 3: Default Payment (if no Deal)

£7.50
PLAYER 1: Deal Payment PLAYER 2 (YOU): Deal Payment
OQutcome Probability Payment QOutcome Probability Payment
A 50% £20.00 A 50% £17.00
B 50% £10.00 B 50% £11.00
PROPOSAL BOX
Proposal History Enter a new proposal before you Time Out ...
o A Out B Oitcome Probability PLAYER1 paYs: FLATERZ(you)
Proposer | Player1 | Player 2 | Player1 | Player 2 N s0% G ‘ | T ‘
Player 1 £4.00 £550 £1.00 £3.00
Player 2 £8.50 £4.00 £2.50 £2.00
B 50% 0.00 ‘ | 0.00
Player 1 £5.00 £550 £150 £2 .50

* When you receive a Proposal the screen will nowk ldee this. In making
your decision you have a separate decision butynefch Outcome.

Accordingly, you could accept the proposed paymamt®©utcome A, but

PLAYER 3: Deal Payment

£0

Screen: Proposal Screen

reject those for Outcome B.
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Try toggling the decision buttons for the two Outes to “accepted”. You
should see the text of the proposal for an Outcgoieg green, when you

toggle the decision button for that outcome to &gted”.

Notice that the risk associated with reject onlgagipears when you have
accepted the Proposal for both Outcomes. If youewerdo that then, the

proposal would be passed on to Player 3 for thaisideration.

Alternatively, you may decide that you are happthwhe payments for one
Outcome, but not those for the other. In that cése,Proposal would be
rejected and your decisions would be recordedarPitoposal History table to

the left of the screen.

For example, in the second to last row of the Psap#blistory table, you can
see how Player 1 reacted to your last Offer. Yaygssted that in the event of
Outcome A that they should pay £7.30 and that ymulsl pay £4.50. They
didn’t agree with that and hence those numbergsa@mred red in the table.
In contrast, you suggested that in the event o€@ue B that you should both
pay £2.50. They accepted that part of the propmsalhence those numbers
are coloured green in the table. Indeed, they Heam those suggested

payments as part of the proposal they have sekttba®u to consider.
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Task

3 of 3 Remaining time [sec]: 0 ROUND 0 OF NEGOTIATION

PLAYERS 1, 2 & 3: Default Payment (if no Deal)

£7.50
PLAYER 1: Deal Payment PLAYER 2 (YOU): Deal Payment
Qutcome  Probability Payment Qutcome  Probability Payment
A 50% £20.00 A 50% £17.00
B 50% £10.00 B 50% £11.00

PROPOSAL ACCEPT/REJECT BOX

Proposal History Accept or Reject the Proposal before you Time Out ...
(0] A (o] B
Outco o . PLAYER 2 (you)
me Probability PLAYER 1 PAYS: PAYS:
Proposer | Player 1 Player2 | Player1 Player 2
Player 1 £4.00 £5.50 £1.00 £3.00
Player 2 £8.50 £4.00 £2 50 £2.00 B 50% £2.00 £2 50
Player 1 £5.00 £5.50 £1.50 £2.50
Player 2 £7.30 £4.50 £2.00 £2.50
Player 1 £6.50 £5.00 £2.00 £2.50 Probability negotiation 1in 15
will fail on rejection:

PLAYER 3: Deal Payment

£0

Screen: Offer Screen

* Finally, when an Offer arrives with Player 3 theyl wee a screen like this,
showing the payments that are being offered bydetay and 2 in the event

of Outcome A and in the event of Outcome B.

« Player 3 can express their opinions on that Offetdggling the decision

buttons from “rejected” to “accepted”. Try that now

» Of course, Player 3 only avoids the risk associati#idl making a rejection if
the payments proposed for both Outcomes are actdptbat happens then

all 3 Players have agreed and a DEAL is done.

* At the end of the experiment, if this task is time ¢hat is chosen for real, then
we need to find out whether Outcome A or Outcoms Be actual outcome.
To do that we will simply toss a coin. If the caomes up Heads then
Outcome A is the actual outcome and you will gad pehat you agreed to in

the Deal under that outcome. Alternatively, if stoén comes up Tails then
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Outcome B is the actual outcome and you will géd péhat you agreed to in
the Deal under that outcome.

Task
3 of 3 Remaining time [sec]: 0O ROUND 0 OF NEGOTIATION
PLAYERS 1, 2 & 3: Default Payment (if no Deal
£7.50

PLAYER 1: Deal Payment PLAYER 2: Deal Payment

QOutcome  Probability Payment QOutcome  Probability Payment
A 50% £20.00 A 50% £17.00
B 50% £10.00 B 50% £11.00

OFFER ACCEPT/IREJECT BOX
Offer History Accept or Reject the Offer before you Time Out ...
Outcome A Outcome B Qutcome Probability Payment to You
Current Offer: £11.50 £4.50

PLAYER 3 (YOU): Deal Payment

£0
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