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Abstract

Growing tensions between economic priorities and protection of nature highlight

the importance of cost-effective environmental policies. Amidst mounting climate

impacts and higher inflation, policymakers around the world are working to meet

environmental objectives while limiting the burden on taxpayers. There are im-

portant spatial dimensions to many critical environmental problems, including air

pollution, flooding, and pollinator declines. This thesis demonstrates that adverse

incentives may jeopardise the effectiveness of environmental policy when geo-

graphic conditions allow firms to export pollutants beyond the regulator’s juris-

diction. Using a custom air pollution dispersion model, this work calculates the

interstate SO2 pollution from coal-fired power plants across the United States be-

tween 1997 and 2020. It exploits a natural experiment to show that firms exporting

pollutants beyond the regulator’s jurisdiction respond less to a tightening of emis-

sion caps. The following research explores so-called spatially targeted policies

that seek to account for heterogeneous policy impacts in different geographies.

The focus of this thesis is environmental land management (ELM) schemes that

compensate farms to retire cultivated land. It advances a novel multifunctional

cost-effectiveness analysis of hypothetical schemes by combining cost estimates

via discrete choice experiments (DCEs) with benefit estimates from hydrological

and ecological models. This thesis demonstrates that tradable and spatially tar-

geted ELM contracts are likely to deliver measurable improvements in both nat-

ural flood management and pollinator services. In addition, simulating multiple

spatial configurations of ELM features illustrates how small, evenly distributed

natural features may cost-effectively circumvent coordination costs among farms.

This thesis demonstrates the value in integrating hypothetical DCEs with spatial

simulation models.
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To all animals — large and small
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A Statistical significance cutoff

B Statistical power cutoff

∆ Excess emissions over emission cap

Ω Variance-covariance matrix
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1.1 Motivation318

Europe and North America are experiencing growing political pressure to reduce319

the economic burden of environmental regulation. During periods of high infla-320

tion, the price s of energy and food products sit at the heart of businesses’ and321

voters’ concerns about their economic well-being. Price inflation is perceived as322

an unambiguously negative phenomenon, often attributed to government policies323

that directly or indirectly concern the environment. Examples include emission324

taxes (Ewald et al., 2022), bans on fracking for natural gas (Joskow, 2013), and325

mandates on environmental land management for food producers (Holstead et al.,326

2017). Inflation has also been found to deepen political polarisation, with conser-327

vatives being more likely to emphasise the role of government regulation as the328

cause (Binetti et al., 2024).329

330

Against this backdrop of public unease about higher costs for essential energy and331

food, countries across the world are facing growing exposure to environmental332

risks. A business-as-usual scenario for Europe projects flood damages of $30-$60333

billion annually by the year 2100. For 2020, the Association of British Insurers re-334

ports £817 million in flood-related losses for the UK alone (Bates et al., 2023). Addi-335

tionally, absolute costs from flooding are increasing as a result of agricultural land336

use and economic development on flood-prone land (Dottori et al., 2023). Crops337

valued at $195-$387 billion globally (Porto et al., 2020) are increasingly at risk due338

to declining populations of wild pollinating insects (Powney et al., 2021). Hu-339

mans have benefited from the fragile symbiotic relationship between pollinators340

and flowering fruits, nuts and berries since our hunter-gatherer ancestors. Today,341

the use of animal pollinated biofuel crops is growing, with the cultivation area of342

oilseed rape, sunflowers and soybeans increasing by 32% across Europe between343

2005 and 2010 (Breeze et al., 2015). Loss of natural habitats, resulting from inten-344
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sification and expansion of agriculture, have been contributing to these declines345

(Xiao et al., 2016).346

347

Damage to the environment also has direct consequences for human health. Chay348

and Greenstone (2003b) attribute the marginal milligram of particulates per m
3

349

of air to 4-8 infant deaths per 100,000 live births. Since the Chay and Greenstone350

(2003b) study was conducted, environmental regulation, such as pollution permits,351

has contributed to significant improvement in air quality across the U.S., and lives352

saved as a result.353

354

I am emphasising these environmental risks not to delegitimise concerns about355

regulations and their potentially inflationary effects. For example, the European356

tradable permit scheme (ETS), set up to regulate carbon emissions, has been found357

to fuel inflation in the EU (Känzig, 2023), to the detriment of households and firms.358

Harding et al. (2021) found that conservation zones restricting where agricultural359

firms were allowed to clear old growth forest did not only raise the price of agri-360

cultural outputs. They also observed secondary effects, where unprotected forests361

suffered more intense deforestation. I want to illustrate how there are real trade-362

offs between different groups whose voices all compete for the ears of policymak-363

ers.364

365

In light of these trade-offs, I argue that the economics discipline, which has a long366

tradition of emphasising careful analysis of marginal costs and benefits, can con-367

tribute to a better understanding of the most cost-effective ways to achieve envi-368

ronmental goals. Failure to design policies that are efficient, targeted, and trans-369

parent will result in misallocation of public funds, and in further alienation of key370

stakeholders from the challenge of environmental protection.371
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372

This thesis is motivated by two observations. First, trade-offs between the costs of373

regulation and the environmental services at risk from economic activity demand374

exploration of more cost-effective policy designs. Second, ever-greater availability375

of high-resolution geography- and land use data enable spatially explicit estima-376

tion of how and where environmental benefits occur. Together, these observations377

invite research into spatially targeted environmental policy. The aim of such pol-378

icy is to incentivise abatement of environmental damage in those places where the379

environmental costs are greatest.380

1.2 Research statement381

This thesis consists of three separate contributions to the research literature, each382

studying one of three different environmental problems, and each with an im-383

portant spatial dimension. Chapter 2 studies sulphur dioxide emitted from coal-384

fired power plants and how air pollution can escape borders and hence regulation.385

Chapter 3 is a bridging chapter which sets up the data and empirical methodology386

that is shared between chapters 4 and 5. These chapters evaluate the multifunc-387

tional benefits of environmental land management (ELM) schemes. ELM schemes388

refer to policies obligating farmers to create natural features (e.g. planted trees,389

hedgerows, grass strips, or retirement of grassland from grazing) in exchange for390

a government payment. Chapter 4 explores how spatially targeted ELM contracts391

can mitigate flooding in downstream towns and villages, specifically by creating392

natural flood management features such as planted trees and regeneration. Finally,393

chapter 5 studies the cost-effectiveness of ELM schemes in terms of promoting in-394

sect pollination and conservation of habitats.395

396
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Each chapter analyses the environmental problem in focus through the same the-397

ory lens. Firms seek to minimise the cost of production while accommodating398

the demands of the market. The production process results in some environmen-399

tal damage which is not (fully) suffered by the firm, but impacts the wider soci-400

ety. The Polluter Pays Principle is a key idea in environmental regulation, arguing401

that the party responsible for pollution should bear the cost of its environmental402

damage. On the issue of deciding the appropriate cost, Coase (1960) pioneered403

a long-standing and influential economics literature which showed how the gov-404

ernment can achieve the optimal outcome for the whole society when property405

rights are defined, transaction costs are zero, and the marginal cost of abatement406

equals the marginal social cost from economic activity. That is, when the dam-407

age to the wider society, e.g. in the form of diminished air quality, associated with408

a single unit, produced via a polluting process, equals the market price of that unit.409

410

However, the marginal cost is not always trivially estimated, and further com-411

plexities arise when the marginal cost curve is not the same across producers of412

environmental externalities. An important cause of differences in social cost is413

geography, which has been shown theoretically as early as Montgomery (1972).414

While many different settings have been explored theoretically, including air pol-415

lution with differentiated costs (Fowlie & Muller, 2019) and agricultural pollution416

in diverse catchments (Kampas et al., 2013), the empirical literature mostly focuses417

on low-resolution spatial differences in socioeconomic and demographic variables418

(Fowlie et al., 2012; Holland & Yates, 2015). Interdisciplinary research integrating419

environmental and geophysical modelling in economic cost-benefit analyses can420

inform design of spatially targeted environmental policy. This thesis addresses the421

following research questions:422

423
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Question I: A long-standing body of work has hypothesised that tradable pollu-424

tion permits with a cap on overall emissions is an efficient policy mechanism to in-425

ternalise the social cost of environmental damage from economic activity (Fowlie426

& Muller, 2019; Montgomery, 1972; Xepapadeas et al., 1997). Empirical studies427

have demonstrated effectiveness in terms of overall emissions of nitrogen oxide428

(Fowlie et al., 2012), sulphur dioxide (Schmalensee & Stavins, 2013) and carbon429

dioxide (Känzig, 2023). However, theoretical research has observed that cap-and-430

trade programs may result in emissions in excess of the cap if compliance is not431

enforced by the regulator (Stranlund & Chavez, 2000). This may be the case if432

emissions from a polluting firm, due to its location, are received outside the juris-433

diction of the regulator, such as state- or local government. How do firms respond434

to spatially differentiated compliance costs and what is the resulting environmen-435

tal impact?436

437

Question II: Spatially targeted cap-and-trade programs have been proposed to438

address heterogeneous damages. Such programs introduce trading ratios, akin to439

exchange rates, that reflect the relative marginal damages between two firms that440

may trade in permits. In theory, this encourages greater abatement among high441

marginal damage sources, as these firms receive more money for each permit that442

they sell. Such a scheme is only optimal when the regulator has full informa-443

tion about the spatial distribution of marginal damages, so that trading ratios are444

assigned correctly (Holland & Yates, 2015). Agriculture has been identified as a445

sector where the spatial targeting of current policies is insufficient. While exter-446

nalities such as pollutant runoff and habitat fragmentation frequently occur at the447

landscape scale, regulation via so-called environmental land management (ELM)448

typically only target the farm (Nguyen et al., 2022). What are the efficiency gains449

from spatially targeted permit trading over a non-targeted regime?450
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Question III: A cap-and-trade program, targeted or otherwise, involves the trad-451

ing of permits among firms and therefore the possibility of transaction costs (Stavins,452

1995, 2003). In the case of air pollutants from the energy sector, transaction costs453

have been empirically insignificant (Schmalensee & Stavins, 2013, 2017). However,454

evidence from the energy sector may not be directly applicable to trade in ELM455

contracts among farmers. Farms are frequently resource-constrained, and trans-456

action costs have been identified as a barrier even in bilateral agreements between457

a farmer and the government agency (Peterson et al., 2015). Transaction costs have458

also been found to inhibit voluntary coordination between farmers (Banerjee et al.,459

2017). How do transaction costs impact the feasibility of a hypothetical market in460

ELM obligations?461

462

Question IV: Spatially targeted ELM in agricultural regions can also be achieved463

via voluntary coordination, where farmers are incentivised with a bonus payment464

to coordinate land use change where it is most impactful (Kuhfuss et al., 2016;465

Parkhurst & Shogren, 2007). Such an agglomeration bonus stands in relation to466

the transaction cost involved for farmers, which inhibits collaboration (Banerjee467

et al., 2017; Nguyen et al., 2025). So far, few studies involving active farmers out-468

side of the lab have focused on the determinants of transaction costs and how they469

can be reduced (Nguyen et al., 2022). In particular, what role does social- or pro-470

fessional networks play in farmers’ perceived barriers to coordination?471

472

Finally, the fifth research question is more practical and relates to the latter ob-473

servation that inspired this thesis. Availability of high-resolution spatial data, in-474

creased computing power, and function packages made specifically for geospatial475

analysis in programming languages such as R and Python, open new research av-476

enues. In particular, simulation of results from the aforementioned environmental477



32

policies:478

479

Question V: Environmental objectives of ELM schemes such as runoff reduction480

or pollinator conservation are difficult to quantify (Bartkowski et al., 2021). Digital481

technologies, including GIS and remote sensing, are becoming part of the regula-482

tor’s toolbox to aid compliance monitoring, data exchange and analysis (Ehlers et483

al., 2021). How can spatially explicit simulation models contribute to cost-benefit484

analysis of spatially targeted schemes? In particular, what can such models tell us485

about the trade-offs between variations in the coverage, type and spatial configu-486

ration of natural features?487

1.3 Thesis outline488

An outline for the remainder of this thesis is shown in figure 1.1. Its academic con-489

tributions are presented in three self-contained but connected chapters, in addition490

to chapter 3 which ties together the common methodological elements of the latter491

two. Each chapter begins with introduction and background sections, covering the492

relevant literature, policy environment, and research gaps. They are followed by493

explanations of the theoretical model, predictions, and hypothesis tests. I go on to494

present the results and discuss limitations, contributions, and policy recommen-495

dations.496

497

Starting from the top of figure 1.1, chapter 2 is a quasi-experimental study into498

how polluting firms respond to a non-targeted cap-and-trade program. The pol-499

icy in focus is the Clean Air Interstate Rule (CAIR), a market in permits for SO2500

emissions from coal-fired power plants. Announced in 2005, CAIR would cover a501

region of 26 eastern US states. The rule was later vacated after a court found that502
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the non-targeted design of the program did not comply with the Clean Air Act503

provision to regulate interstate air pollution.504

505

Using a model of non-targeted cap-and-trade with cost-minimising firms, I hy-506

pothesise that, in the absence of a credible mechanism to punish cross-border pol-507

lution, upwind sources respond less to reductions in the emission cap. I develop508

a custom air pollution dispersion model, GAUSSMOD, which allows me to attribute509

changes in SO2 concentrations to individual power plants. I calculate the interstate510

SO2 pollution from 493 coal-fired power plants across the United States between511

1997 and 2020.512

513

In a difference-in-differences setup with plants not covered by CAIR in the control514

group, I estimate the treatment effect of the program on overall- and cross-border515

SO2 emissions and find a 30% reduction in overall emissions but none in cross-516

border pollution. Instead, geographic factors rather than emission rates were the517

primary driver of interstate pollution. I report heterogeneous treatment effects518

where the reduction in overall emissions attributed to CAIR is lower among plants519

that transport emissions outside their state.520

521

Chapters 4 and 5 both depart from the conclusions of chapter 2, which emphasise522

the risks of non-targeted cap-and-trade programs. Each chapter simulates hypo-523

thetical policies that address negative externalities arising from agricultural land524

use. These externalities, water runoff and habitat fragmentation, each depend sig-525

nificantly on local conditions and the spatial configuration of ELM features. Each526

chapter contributes a cost-benefit analysis of the respective ELM scheme in focus.527

In each case, the cost-side of the analysis is done using discrete choice experiments528

and the benefits are estimated with simulation models.529
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530

I conduct a discrete choice experiment (DCE) with a sample of farmers from the531

north of England. Respondents in the DCEs are asked to consider two different532

types of ELM schemes. Each hypothetical scheme involves the creation of natu-533

ral features on the farm in exchange for a payment. The features include planted534

trees and regenerated vegetation arranged in different spatial configurations, rang-535

ing from in-field, disconnected patches to field-edge corridors. The first scheme536

introduces a market in ELM contracts, allowing farmers to trade obligations with537

trading ratios that reflect the flood mitigation potential of their land. The second538

scheme introduces a bonus payment for voluntary collaboration between farms.539

Neighbouring farmers may coordinate the placement of the ELM features. By ob-540

serving respondents’ choices from among a set of pre-defined schemes, I am able541

to elicit preferences for individual attributes. The DCE allows me to estimate how542

sensitive farmers are to variations in e.g. natural feature types, placement, trans-543

action costs, and coordination demands.544

545

Common across chapters 4 and 5 is the sample of surveyed farmers as well as the546

set of simulated ELM scenarios. In both chapters, results from the DCEs are used547

to estimate the required cost associated with ELM scenario. The amount of com-548

pensation demanded by farmers indicates the necessary cost to the government.549

This is the cost side of the cost-benefit analysis.550

551

Also common across chapters 4 and 5 is the set of hypothetical ELM projects. The552

features of these projects are constructed using permutations of the DCE options.553

I develop an algorithm to simulate the land use change resulting from farmers’554

enrolment in each hypothetical project. The counterfactual land cover maps in555

each scenario are used as inputs to quantify environmental benefits in the next556
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stage. As shown in the flowchart, the benefit estimations are unique contributions557

in each chapter.558

559

In an effort to avoid repetition, these common elements are treated in chapter 3560

which bridges the transition from chapter 2 to chapters 4 and 5. This part of the561

thesis, which is shown in the mid section of the flowchart in figure 1.1, does not562

contain any scientific results. Instead, it introduces the reader to the relevant policy563

background for the following two chapters and discusses the survey and sampling564

methodology, as well as the experimental design.565

566

Chapter 4 introduces an economic model of farm behaviour when the regulator567

sets a catchment-wide cap on water runoff generated by agricultural land use.568

Farmers can trade ELM obligations with trading ratios that reflect the relative569

runoff generation potential at each farm. I use the hydrological model SCIMAP-Flood570

to simulate the trading ratios and the counterfactual flood risk reduction resulting571

from each ELM project with and without trading.572

573

Chapter 5 explores the impact of spatially coordinating ELM features on crop pol-574

lination. I use a model to simulate bee foraging and population dynamics for each575

ELM scenario. Biological modelling allows me to compare changes in pollination576

services resulting from each spatial configuration of ELM features. I evaluate the577

benefit of coordination between farms, which facilitates improved habitat connec-578

tivity across the landscape. Combined with costs derived from the DCEs, simulated579

benefits make up the multifunctional cost-effectiveness analysis which is a novel580

contribution from this work. I discuss its relevance for how we think about cost-581

effectiveness of spatial targeting and the implications for environmental policy.582
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Figure 1.1: Flowchart of thesis structure and contributions
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1.4 Scope583

This research focuses on environmental policy in a European and North Ameri-584

can context. This scope is motivated in part by the particular tensions between585

economic concerns and environmental protection that feature prominently in Eu-586

ropean and US discourse. My work also relies heavily on modelling using high-587

resolution environmental data which is largely limited to high-income countries588

(Arguez et al., 2012; Tanguy et al., 2021). The scarcity of high-quality data and mis-589

match between local institutional knowledge to research funding (Wintrup, 2022)590

results in a bias of research efforts towards western economies. A diverse body of591

work studies similar issues in other regions, including in East Asia (Cai et al., 2016;592

Heo et al., 2023; Liu et al., 2024), Africa (Benjamin & Sauer, 2018) and Latin Amer-593

ica (Harding et al., 2021). It is important that policy recommendations are tailored594

to local economic and environmental conditions. That is not to say that the lessons595

from my research are entirely inapplicable to other contexts. For example, I find596

that coal-fired power plants in the US respond less to tightening of emission caps597

when they export a significant share of pollutants outside the state where they are598

regulated (Leppert, 2023). In China, Cai et al. (2016) similarly find evidence that up-599

stream factories close to local authority borders contribute more to river pollution.600

601

Chapters 4 and 5 are concerned with ELM schemes featuring so-called action-based602

payments. Such payments are conditional on farmers taking particular actions,603

such as planting trees or retiring land from intense grazing. An alternative, result-604

based payments, has attracted more interest in recent years. When the UK Govern-605

ment in November 2020 published The Path to Sustainable Farming, setting out the606

post-Brexit agenda for agriculture, it was unequivocally stated that a guiding prin-607

ciple would be a ”focus on achieving [environmental] outcomes” (Cardwell, 2023).608

Under results-based ELM schemes, payments are conditional on achieving a par-609
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ticular environmental result. As Bartkowski et al. (2021) emphasise, results-based610

ELM schemes are not common in practice. The authors attribute this to the so-611

phisticated monitoring and measurement of outcomes that is required. This thesis612

aims to explore if spatial targeting can improve the cost-effectiveness of presently613

dominant schemes. For the purposes of cost-effectiveness analysis supported by614

choice experiments, it is also advisable to base the ELM options on schemes that615

farmers are familiar with (Johnston et al., 2017). Results in chapter 3 show that de-616

viating significantly from current schemes increases the risk of inconsistent pref-617

erences. For these reasons, results-based payments are outside the scope of this618

thesis. However, I suggest that the simulation methods used here can also be ap-619

plied in the measurement of outcomes in results-based ELM schemes.620

621

Finally, although policy evaluation lies at the heart of this work, I do not attempt to622

completely monetise the benefits attributed to the hypothetical schemes in chap-623

ters 3 and 4. Even relatively direct benefits, such as the expected annual reduc-624

tion in damage to life and property attributed to natural flood management, are625

highly complex to calculate. Indeed, the hydrological connectivity model I use to626

estimate runoff potential and determine trading ratios is insufficient for this task627

(Reaney, 2022). Monetisation of pollination services attributed to ELM schemes628

depends heavily on current pollinator abundance (Kleijn et al., 2006, 2015). Re-629

duction of habitat fragmentation in agricultural landscapes may also contribute to630

non-market benefits (Correa Ayram et al., 2016).631

632

Attempting to value natural goods that are not regularly traded in the economy633

presents new challenges (Hoyos, 2010). When using hypothetical stated prefer-634

ence surveys to estimate farmers’ required compensation to enrol land in ELM635

schemes, I am asking them to value costs that they experience regularly and are636
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core to their business: The loss of a defined area of productive land, the fencing637

of field edges, engagement with Defra, extension advisers and other stakeholders,638

etc. By contrast, when asked to put a value on e.g. restoration of woodland, a639

hiker may think of natural beauty and bird song, while an ecologist may value the640

provision of habitats for some obscure endangered species.641

642

As economists ventured into stated preference studies for non-market valuation,643

Vatn and Bromley (1994) framed this inability to align respondents’ perception of644

choice attributes as an insurmountable issue. Nevertheless, the non-market valua-645

tion literature persists and is growing more sophisticated, using lab- and revealed646

preference methods (Hanley & Perrings, 2019).647

648

This thesis sets all of these issues to one side, and focuses on comparing scenarios649

in terms of required costs and expected environmental benefits. Policymakers and650

regulators can then judge its outcomes in terms of their goals and priorities, along651

with those of their constituents.652
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Chapter 2653

Heterogeneous externalities in a654

pollution permit market without655

spatial targeting656
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2.1 Introduction657

A key consideration in any attempt at regulating air pollution is its ability to658

effortlessly cross administrative and legal boundaries. A comprehensive theory659

of cross-border externalities was proposed as early as Montgomery (1972), who660

showed that the abatement effort mandated by the regulator ought to be higher661

for upwind sources that contribute to ambient pollution in downwind receptor re-662

gions. Indeed, in maintaining air quality or other environmental standards across663

regions with cross-border pollution, the optimal regional tax rate is a function of664

the downwind externality (Xepapadeas, 1992a). The logical question that follows is665

how does the regulator identify pollution sources that contribute to degrading the666

environment also in other regions? The United States’ Environmental Protection667

Agency, the EPA, maintains close monitoring of ambient air quality using a net-668

work of monitors, as do environmental agencies in many industrialised countries.669

However, even when the government has broad authority to monitor emissions670

and gather accurate information, it is not always trivial to determine how much671

pollution from which source ends up where (Wei et al., 2018). It is rarely sim-672

ply a matter of distance between source and receptor point, but as shown by e.g.673

Zheng et al. (2014), geography and meteorology also play important parts. While674

a large literature has studied the externalities firms impose on society, such as675

public health (Chay & Greenstone, 2003b; Fowlie et al., 2012; Schlenker & Walker,676

2016) and urban amenity values (Zheng et al., 2014), comparatively less attention677

has been devoted to how firms that face different geographic conditions respond678

to regulation (Kampas et al., 2013) and to geography as an influencer of efficient679

policy.680

681

Despite an established theoretical literature (Fowlie & Muller, 2019; Montgomery,682

1972; Xepapadeas, 1992b) raising the issue, cross-border pollution remains salient683
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in practice. For example, recent work by Heo et al. (2023) emphasise the prob-684

lem, reporting that cross-border air pollution from China significantly increases685

mortality and morbidity in South Korea. Between 2016 and 2018, the US states of686

Connecticut, Delaware, Maryland, and New York each petitioned EPA to regulate687

pollution sources in upwind states that allegedly interfered with the petitioners’688

air quality standards (Gerrish, 2020). The efficient policy response depends on the689

primary driver of cross-border pollution.690

691

While spatially non-targeted instruments can be effective in cases where cross-692

border pollution depends primarily on the emission rate, spatially targeted policies693

are preferable when geography is a significant driver (Holland & Yates, 2015; Xepa-694

padeas, 1992b). With incomplete information about the leading cause of cross-695

border pollution, the most effective policy response is uncertain. This chapter696

clarifies this uncertainty in the context of US state-level standards for ambient air697

pollution, determined by the EPA and regulated under the federal Clean Air Act.698

EPA established the Acid Rain Program (ARP) under Title IV of the 1990 CAA699

amendments to reduce power sector emissions that cause acid rain (Stavins, 2003).700

Specifically, the ARP targets SO2 emissions through cap-and-trade. The cap-and-701

trade system, currently covering over 2,000 electricity generating units across the702

United States, is widely regarded a success story in US environmental regulation,703

having contributed an estimated 10.8 million tonne reduction in SO2 between 1990704

and 2010, or 67% (Schmalensee & Stavins, 2013).705

706

In 2005, the Clean Air Interstate Rule (CAIR) was promulgated under the federal707

law to limit the interstate transport of SO2, an air pollutant contributing to acid708

rain primarily from burning fossil fuels, across 27 eastern states. However, CAIR709

was short-lived. In 2014 it was vacated following a 2008 ruling by the D.C. Court710
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of Appeals in favour of North Carolina, which argued that the cap-and-trade sys-711

tem made downwind states powerless to combat emissions from upwind sources712

outside their jurisdiction (Kruse, 2009). Because upwind plants were able to pur-713

chase permits to cover their emissions, they could keep contributing to ambient714

pollution in a downwind state.715

716

The 2011 Cross-State Air Pollution Rule (CSAPR) which succeeded CAIR follow-717

ing the legal challenges and remains in effect, attempts to target sources in up-718

wind states by restricting the market for permits to within-state trading (Shouse,719

2018). Recognizing that cross-border pollution can produce spillover harms (Heo720

et al., 2023), it is motivated to examine CAIR’s impact in this respect. Using an721

atmospheric air pollution dispersion model suggested by Mendelsohn (1980), but722

rarely used to evaluate the need for spatially targeted regulation of air pollution723

(Jaramillo & Muller, 2016), I identify individual electric utilities that contribute to724

ambient SO2 in downwind states.725

726

Using a canonical difference-in-differences experimental design with utilities to be727

covered by CAIR SO2 caps in the treatment group and remaining ARP regulated728

utilities as controls, I estimate the effect on interstate SO2 pollution from tighten-729

ing of emission caps. Because geography does not change over time, treatment730

timing captures the effect of emission reductions on downwind pollution.731

732

The rest of the article is structured as follows: I first provide the policy background733

for CAIR and CSAPR, as well as the legal arguments that led the D.C. Court of734

Appeals in 2008 to rule that CAIR was ineffective at protecting downwind states.735

Secondly, I present the economics behind environmental externalities and the dif-736

ference between spatially targeted and non-targeted permit allocation. I go on to737
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describe the theory behind the Gaussian air pollution dispersion model (Zannetti,738

2013) I develop and apply for the first time in combination with a natural exper-739

iment. A difference-in-differences design is appropriate for this problem because740

its separation of observations into two groups and two time periods can simul-741

taneously handle two sources of bias. First, the post-treatment period dummy in742

the DD term addresses the selection bias. This is the bias arising from the fact743

that CAIR was not a random collection of states. The policy sought to target a re-744

gion where SO2 pollution was a particular problem. Second, the treatment group745

dummy in the DD term deals with omitted variable bias. This bias arises from com-746

mon national trends in incentives unrelated to CAIR, such as GDP or the cost of747

abatement technologies. The model, referenced below as GAUSSMOD, is developed748

and optimized for replicability, and presented for an interdisciplinary and policy-749

oriented audience.750

751

These sections arrive at the conclusion that the cross-border externality is a func-752

tion of three variables: The rate of emissions at the source, typical weather con-753

ditions, and the geographic conditions. My identifying assumption is that while754

source emission rates change over time, geography does not (Fowlie et al., 2012).755

This allows me to more convincingly isolate any treatment effect caused by a re-756

duction in emissions as a result of CAIR. To rule out unobserved abatement hetero-757

geneity between groups I also estimate CO2 emissions, which are not differentially758

regulated. Then, I present the data and dispersion model output. Finally, I present759

and discuss the results.760
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2.2 Background761

The Clean Air Act is the United States’ primary federal law to reduce nationwide762

air pollution. Initially enacted in 1963 the law, henceforth CAA, has been praised763

as a success of early U.S. environmental policy, for example in terms of health out-764

comes (Chay & Greenstone, 2003b). A collection of major amendments to the law765

came into force in 1990 (Waxman, 1991), and included tradeable permits in nitro-766

gen oxides (NOx) and sulphur dioxide (SO2). A cap-and-trade system under Title767

IV of the CAA, also known as the ’Acid Rain Program’ regulates acidifying pol-768

lutants, mainly from coal-burning power plants, by allocating permits to emitters769

and allowing reallocation via auction to improve economic efficiency. (McCubbin,770

2009) Allowances under Title IV are regulated by the Environmental Protection771

Agency (EPA) under §7408(a) of the Clean Air Act. The Acid Rain program has in-772

volved two phases, beginning in 1990 and 2000 respectively. Title IV also requires773

sources to install a continuous emission monitoring system (CEMS) and annually774

report emissions to the EPA and state regulators (Ellerman et al., 2000).775

776

In Phase I, individual emissions limits were assigned to the 263 most SO2 intensive777

generating units at 110 plants operated by 61 electric utilities, and located largely778

at coal-fired power plants east of the Mississippi River. After January 1, 1995, these779

utilities could emit sulphur dioxide only if they had adequate allowances to cover780

their emissions. During Phase I, the EPA allocated each affected unit, on an annual781

basis, a specified number of allowances. The initial allowances were not auctioned782

but grandfathered based on sources’ share of heat input during the baseline period783

1985-1987. By Phase II, almost all coal-fired power plants were covered by the sys-784

tem. If trading permits represents a carrot in the system, the stick is a penalty of785

$2,000 per ton of emissions that exceed any year’s allowances and a requirement786

that such excesses be offset the following year (Stavins, 2003).787
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788

Largely considered successful, it is estimated that between 1990 and 2008, the ma-789

jority of reductions in U.S. air pollution was due to changes in environmental reg-790

ulation (Shapiro & Walker, 2018). The federal CAA regulates individual states’791

emissions via the National Ambient Air Quality Standards (NAAQS) where they792

are responsible for maintaining caps on ambient concentrations of air pollutants.793

The NAAQS for SO2 is 75 ppb, measured as the 99th percentile of 1-hour daily max-794

imum concentration, averaged over three years. The EPA requires that individual795

states submit so-called State Implementation Plans (SIPs) detailing how they will796

comply with the national standards for each pollutant set under §7408 (Potoski,797

2001).798

799

Building on the success of the acid rain program, the EPA in 2005 introduced the800

Clean Air Interstate Rule (CAIR), which mandated that states and the federal gov-801

ernment work together to address regional pollution. Constructed upon the previ-802

ous pollution credit programs in the ARP, CAIR created a regional trading program803

to reduce interstate pollution (Pleune, 2006). The EPA determined which states804

would participate in the regional program based on whether they made a ”signifi-805

cant contribution” to non-attainment of NAAQS for downwind states (Glasgow &806

Zhao, 2017). However, there was not a designation of individual plants as high or807

low risk of significant contributions, and one does not yet exist.808

809

The 1990 amendments to the CAA also added provisions specifically to combat810

externalities due to spatial diffusion of air pollutants. This "Good Neighbour" pro-811

vision states that an upwind state may be ruled in violation of Title IV if pollutants812

from point sources move to downwind states in such quantities that they impede813

the ability of the downwind state to meet its allowances under §7408 and its im-814
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plementation plans (Gerrish, 2020; McCubbin, 2009). Although EPA found that815

out-of-state sources would cause non-attainment in 2010 (the States’ deadline un-816

der the CAA for reaching attainment), EPA determined that it would not be feasible817

to reduce the out-of-state emissions by that time. Instead, CAIR required the re-818

duction to be implemented in two phases. States would implement the first phase819

of reductions by 2009 for NOx and by 2010 for SO2. A second set of reductions820

would bring the level of out-of-state contributions to air quality non-attainment821

to an acceptable level by 2015. After a downwind state has filed a complaint of a822

Good Neighbour violation under section 126, EPA has 60 days to respond.823

824

If EPA determines action is necessary, the upwind state must address the emissions825

in their SIP, effectively reducing the permits its emitters are allowed to use. Failure826

to do so could, if the Good Neighbour provision is enforced, make the violating827

firm liable to pay the $2,000 per excess tonne SO2. Since there is no borrowing828

of permits from future allocation to plants allowed under Title IV (Schennach,829

2000), plants in the upwind state must either invest in abatement or buy permits830

at auction.831

2.2.1 The collapse of CAIR: North Carolina v. EPA832

An additional event on the timeline of interstate SO2 regulation is of particular833

note. In the 2008 case North Carolina v EPA, the D.C. court of appeals ruled in834

favour of the state and a number of electric utilities, arguing that CAIR had sev-835

eral flaws, and because the EPA had adopted it as one, integral action, the rule in836

its entirety must be vacated and remanded to the EPA. The court’s opinion was837

that CAIR could not properly respect the ’good neighbour provision’ requiring838

sources to take responsibility for their contribution to non-attainment of NAAQS839

in the downwind state. One flaw found by the court was in CAIR’s trading pro-840
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grams for SO2, which it said essentially amounted to a ”regionwide approach”841

which failed to prohibit sources ”within the State from contribut[ing] significantly842

to non-attainment in any other State...” (Kruse, 2009) because sources could pur-843

chase enough SO2 allowances to cover current emissions, resulting in no change844

(Tait, 2009). The result of the cap-and-trade system, North Carolina and a number845

of downwind power companies argued, is that downwind states and firms can do846

very little in terms of policy to address non-attainment of NAAQS, if significant847

contributions to ambient air pollution come from out-of-state sources that can buy848

permits to make up the difference. As summarised in Kruse (2009), the D.C. Cir-849

cuit decided that the CAIR trading program went beyond the mandate of the CAA850

because the regional program did not address sources from one specific state con-851

tributing to non-attainment in another specific state.852

853

In 2011, the Obama administration announced the Cross-State Air Pollution Rule854

(CSAPR) which replaced CAIR in 2015 and involves the same eastern states. CSAPR855

attempted to address the legal issues in CAIR by allowing only within-state trade856

in permits (Chan et al., 2012). As of 2021, there have been a number of section 126857

petitions: Between 2016 and 2018, Connecticut, Delaware, Maryland, and New858

York each petitioned the EPA to regulate pollution from an upwind state. The EPA859

denied all four petitions.860
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Figure 2.1: CAIR coverage for 493 fossil-powered electric utilities. Neighboring weather

stations (+) provide hourly weather inputs for the dispersion model GAUSSMOD.

Delaware, Maryland, and New York challenged those denials in court. In 2020, the861

D.C. Circuit denied Delaware’s petition, granted Maryland’s petition in part, and862

vacated EPA’s denial of New York’s petition (returning the petition to EPA for re-863

consideration) (Gerrish, 2020). The unwillingness of the federal regulator to grant864

section 126 petitions may be interpreted by emitters as a signal that violations are865

unlikely to be investigated and punished (Harstad & Eskeland, 2010). If legal action866

does not come from the federal level, state regulators have no incentive to pursue867

cross-border emissions transported from sources in their own state.868
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2.3 Theoretical Framework869

This article contributes to an ongoing empirical literature on the effectiveness of870

cap-and-trade programs (Barreca et al., 2021; Chan & Morrow, 2019; Glasgow &871

Zhao, 2017) by focusing on the less studied aspect of cross-border pollution (Chen872

et al., 2022) and by combining causal inference with geophysical modelling. In873

formulating an initial hypothesis, and throughout the remainder of this article, I874

make a number of assumptions about the way firms respond to changes in the ex-875

pected cost of polluting the air. The natural experiment takes place in an economy876

with one environmental regulator and many polluting power plants. Plants are877

distributed across several regions, each with administrative borders and responsi-878

bility for maintaining limits on pollution set by the regulator.879

880

In the standard cap-and-trade model, and in the absence of interstate pollution881

rules, the regulator determines ambient air quality standards according to its own882

evaluations of the social damage function, then introduces an emissions cap to883

achieve the ambient standards. Once the EPA allocated emission permits to coal-884

fired power plants and allowed trading in permits between plants it effectively885

introduced a market price for SO2 emissions (Montgomery, 1972; Xepapadeas,886

1992a). Questions about how to refine market-based policy designs to account887

for pollution transport and associated spatial variation in marginal damages have888

been the subject of contentious debate over the last decade. It was not until 2014889

when a US court ruled that regulations limiting harmful emissions should proceed,890

the uncertainty around estimating damages from nonuniformly mixed pollutants891

notwithstanding (Fowlie & Muller, 2019). As such, CAIR was designed around892

sources trading permits at a uniform price.893

894

When the representative firm is a price-taker on the permit market, it chooses its895
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abatement level such that its marginal abatement cost equals the market price for896

permits P T
. The regulator does not know the firm’s abatement cost function, and897

so initial allowances ẽi are not allocated based on the firm’s marginal abatement898

cost but, in the case of the Acid Rain Program, on its share of heat input (Stavins,899

2003). To enforce compliance, the Clean Air Act allows the EPA to impose a fine of900

f = $2, 000 per tonne in excess of the cap. Meanwhile, firm i chooses its abatement901

efforts and the amount of permits qi to buy in order to minimise their individual902

total cost ci(ei) which is a function of its emissions ei:903

min
ei≥0

ci(ei) + P T × qi + f(ei − qi) s.t. ei ≥ ẽi + qi > 0 (2.1)

where c′(e) < 0 which means that reducing emissions increases the cost. In other904

words, the marginal abatement cost is positive. Following Stranlund and Chavez905

(2000), I impose the restriction that all firms hold permits and that the number of906

permits held by the firm do not exceed its emissions. The Lagrangian:907

L = ci(ei) + P T × qi + f(ei − ẽi − qi)− µ(ei + ẽi − qi) (2.2)

yields the Karush-Kuhn-Tucker (KKT) conditions:908

∂L/∂e = c′(ei) + f − µ = 0 (2.3)

909

∂L/∂q = P T − f + µ = 0 (2.4)

910

∂L/∂µ = µ ≥ 0; µ× (qi + ẽi − ei) = 0 (2.5)

The complementary slackness condition (2.5) reveals that e = ẽ + q has a posi-911

tive shadow cost µ. Substituting µ in equation (2.4) with (f − P T )(qi + ẽi − ei)912

shows that full compliance qi + ẽi = ei only occurs when the fine exceeds the913

market price for permits, P T
. It also illustrates that a higher initial allowance ẽi914
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results in a lower demand for tradable permits at all levels of P T
. Lower demand915

for permits across the market results in a lower equilibrium price and abatement.916

When the emissions cap is reduced as anticipated by CAIR states, following its917

announcement in 2005, average abatement costs rise and with them the permit918

price. Irrespective of its compliance status, the firm will stop investing in abate-919

ment once the marginal abatement cost equals the market price of permits. This920

is because the marginal abatement cost rises with the abatement effort, while the921

price for permits does not depend on the individual firm’s choices (Stranlund &922

Chavez, 2000). On the issue of market power in the permit market, Hintermann923

(2017) shows that price manipulation by dominant firms primarily results in pass-924

through of abatement costs onto consumers and taxpayers. Overall, a reduction in925

the emissions cap is still expected to increase the price for permits. Accordingly,926

granted only the assumption that the threat of penalties for non-compliance with927

the CAIR caps is credible, I make the following proposition:928

929

Proposition I: An increase (decrease) in the market price of permits results in a930

decrease (increase) in average emissions across power plants.931

2.3.1 The firm’s response to cross-border pollution932

Now suppose that only some share δ ∈ [0, 1] of the firm’s pollution stays within933

the region (such as a state) where it is regulated. This can result from proximity934

to a state border and prevailing winds in that direction. Supported by historical935

accounts of the CAIR period (Glasgow & Zhao, 2017; Schmalensee & Stavins, 2013),936

I assume that states did not reliably fine excess emissions from sources outside937

their borders. In this setting, the objective function of a firm located in region r938

becomes:939
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min
ei≥0

ci(ei) + P T × qi + f (δirei − ẽi − qi) s.t. δirei ≥ qi > 0 (2.6)

Repeating the minimisation procedure from equations (2.3) trough (2.5) we find940

that emissions are set such that:941

−∂c(ei)

∂ei
= δirP

T
(2.7)

Theory predicts that as a larger share of pollution is transported out of the state in942

which the polluter is located (δ tends towards 0) a higher permit price is required943

for the upwind firm to switch from permits to abatement. This is because in the944

event of non-compliance of an amount ∆ tonnes above its allocated emission cap,945

the firm only expects to be penalised for a fraction of total excess emissions δ×∆.946

947

Although NAAQS are determined at the federal level, states have autonomy re-948

garding the implementation and, crucially, enforcement of the SIP (Stavins, 2003).949

The dynamics of interstate pollution control within the federal US is therefore950

comparable to the international case. Maler (1989) applies game theory to the Eu-951

ropean acid rain problem and does not find cooperative equilibria without interna-952

tional transfers. These results suggest that upwind states would regulate only the953

amount of pollution which remains within their borders. Granted the assumption954

that externalities affecting downwind states do not affect the enforcement of State955

Implementation Plans, I state the second proposition:956

957

Proposition II: The firm does not expect to be fined for emissions exceeding its958

allowances if the excessive pollution is transported out of the state in which it959

operates.960



55

2.3.2 Gaussian dispersion modelling961

To quantify downwind SO2 dispersion from each coal-fired power plant, I develop962

GAUSSMOD, a three-dimensional Gaussian dispersion model, in Python 3.6. The963

Gaussian model is one of the simplest dispersion models for point-source air pol-964

lutants. The plume dispersion equations featuring Gaussian distributed disper-965

sion were first derived in Sutton (1947) and have become increasingly popular. In966

the advent of stringent environmental control regulations, there was an immense967

growth in the use of air pollutant plume dispersion calculations between the late968

1960s and today (Zannetti, 2013). Gaussian models are popular because they are969

mathematically tractable, easy to implement, and rely on widely available data.970

They offer advantages over simple trajectories used in e.g. Heo et al. (2023) be-971

cause they allow for estimation of cross-border concentrations.972

Figure 2.2: The plume centreline vector x runs in the wind direction angled v degrees.

The pollutant concentration follows a Gaussian distribution along the dispersion vector y
extending perpendicular from the plume centreline and the vertical height vector z. Image

from Leelőssy et al. (2014)
.
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In this paper, I implement the Gaussian model from Abdel-Rahman (2008) and U.S.973

EPA (1989) and apply it to SO2 emissions. The plume dispersion equations are as974

follows:975

C(x, y, z) =
Q

u
· f

σy

√
2π
· g

σz

√
2π

(2.8)

where f = exp[−y2/(2σ2
y)] is the crosswind dispersion parameter and g = exp[−(z−976

H)2/(2σ2
z)] is the vertical dispersion. Q is the emissions rate expressed in grams977

per second. C is the concentration of emissions, in g/m3
, at any receptor located x978

meters downwind from the emission source, y meters crosswind from the emission979

plume centreline, and z meters above ground level. σy is the horizontal standard980

deviation of emissions dispersion, while σz is the standard deviation in the verti-981

cal. σy and σz are functions of the atmospheric stability class (i.e. a measure of982

the turbulence in the ambient atmosphere) and of the downwind distance to the983

receptor.984

985

The two most important variables affecting the degree of pollutant emission dis-986

persion obtained are the height of the emission source point and the degree of at-987

mospheric turbulence. The more turbulence, the greater the degree of dispersion.988

For a description of the six stability classes A-F used in this model that depend on989

wind speed and cloud cover, see Pasquill (1961). The equations for σy and σz are:990

σy(x) = exp(Iy + Jyln(x) +Ky[ln(x)]
2)

σz(x) = exp(Iz + Jzln(x) +Kz[ln(x)]
2)

(2.9)

991

where I , J , and K are coefficients that depend on the stability class at the stack992

location (Seinfeld & Pandis, 2016), Ch. 18. Equation (2.9) shows that both cross-993

wind dispersion and vertical dispersion are functions of distance downwind from994
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the pollution source, with lower concentration in both dimensions further from995

the smoke stack.996

997

Equation (2.8) also shows that the concentration at ground level can be reduced by998

increasing the height of the smoke stack H . The effective height He of the smoke999

centreline is the sum of the stack height and the plume rise at a given distance x1000

from the smoke stack. The plume rise is determined by the downwind horizontal1001

distance from the stack and the buoyancy factor, which describes the upward force1002

exerted by the gas on the air above. (Beychok, 2005) The buoyancy factor F is1003

calculated using the following equation:1004

F = g × ve ×R2 × Tg − Ta

Ta

(2.10)

where Tg − Ta gives the temperature difference between the exit gas and the sur-1005

rounding air.1006

Table 2.1: Variables and Physical Constants

g Gravity of Earth 9.8 m/s
2

ve Gas Exit Velocity m/s

Ta Temperature of Air
◦
K

Tg Temperature of Exit Gas
◦
K

R Radius of Flue Stack m

Because hot gases rise faster, a large temperature gradient between the sulphur1007

dioxide and ambient air will allow the pollutant to rise higher before the temper-1008

atures equalise and wind speed and direction dominate as drivers of plume trajec-1009

tories. Similarly, a high gas exit velocity will have the same effect (Beychok, 2005).1010

The model uses the plume rise equation from Briggs (1982) where the plume rise1011

∆h = 1.6F 1/3x2/3h−1
and thus the effective stack height He = Hs +∆h.

2
1012

2
Estimating empirical plume rise equations has proved challenging. Carson and Moses (1969)
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2.4 Data1013

The raw data used in this article is exclusively from publicly available sources.1014

Replication code and documentation, including the source code for the dispersion1015

model GAUSSMOD, are published online.
3

Hourly data on wind speed, wind direc-1016

tion, ambient temperature and cloud cover were obtained from the Global Histori-1017

cal Climatology network (Menne et al., 2012). The hourly 30-year normals dataset1018

includes 1991-2020 averages for every hour, totalling 8,760 hours. After incomplete1019

time series had been removed, complete records remained for 423 weather stations1020

across the continental United States. The normals are constructed from hourly ob-1021

servations, and quality assurance checks are routinely applied to the full dataset,1022

although Menne et al. (2012) acknowledge that the data are not homogenized to1023

account for artefacts associated with the various eras in reporting practice at any1024

particular station (i.e., for changes in systematic bias). Hourly data were aggre-1025

gated into 12-hour daytime (07.00 - 18.59) and night-time (19.00 - 06.59) averages.1026

Normals in wind direction, speed and cloud cover over a 30-year period were used1027

because they are the most indicative of hourly variation in these variables across1028

any given year (Arguez et al., 2012). To account for climate trends, observed air1029

temperature daily time series were used instead of normals following Leppert et1030

al. (2021). Daytime temperature was calculated as a weighted average of maxi-1031

mum and minimum temperatures (0.75*TMAX + 0.25*TMIN) and night-time as1032

0.25*TMAX + 0.75*TMIN.1033

1034

compare 15 formulas using stack and atmospheric data and find large variation in average plume

rise, from 35.2 to 151.9 meters. Briggs (1965) suggests that "...the rise of most hot plumes is caused

almost entirely by buoyancy due to heat; the most important stack parameter for such plumes is

the buoyancy flux F , proportional to the heat flux." Briggs later showed in Briggs (1982) that in

usual atmospheric conditions, the plume rise peaks some distance xf downwind from the stack

beyond which ∆h = 1.6F 1/3x
2/3
f u−1

. The so-called Briggs plume rise equations remain popular

in Gaussian disperson models (Beychok, 2005) and are used also here.

3
https://github.com/DanielLeppert/EEPS_cross-border_SO2

https://github.com/DanielLeppert/EEPS_cross-border_SO2
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Data on plant characteristics were obtained from the U.S. Energy Information Ad-1035

ministration which publishes data collected from all coal-fired power utilities in1036

annual EIA-767 and EIA-923 surveys. The surveys include data on net genera-1037

tion, heat input, stack height, stack radius, mean exit gas velocity, and mean exit1038

gas temperature. The environmental compliance form also provide self-reported1039

plant-level spending on flue gas desulphurisation (FGD).1040

1041

While self-reports come with the usual caveats, EIA form data have been used in1042

previous research on coal-fired utilities’ emissions accounting (Quick, 2014) and1043

remain the most comprehensive publicly available reports. Data on annual SO21044

emissions and permit holdings for coal-fired power plants across the CAIR/CSAPR1045

region were collected from the Air Markets Program data supplied by the U.S. EPA.1046

Plant-level emissions data are available from the conception of the Acid Rain Pro-1047

gram in 1995 through to today, and include values from firms’ own reports as well1048

as EPA monitoring.1049

1050

Utility codes that uniquely identify each plant are consistent across EIA and EPA1051

datasets and allow me to track individual utilities through changes in the surveys1052

over the years. Emissions, net generation, operational flue gas desulphurisation1053

spending (filters, scrubs, sorbent and labour) have missing entries as completed1054

surveys were not received by the EIA for every utility in every year. There is a1055

small discontinuity in 2007 when the EIA-923 form superseded the EIA-906, EIA-1056

920, FERC 423 and EIA-423. This change improved coverage. Schedule 2 of the1057

EIA-923 collects the plant level fuel receipts and cost data previously collected on1058

the FERC and EIA Forms 423. Several approaches exist to deal with missing data.1059

The researcher might collect more data themselves, drop observations containing1060

missing data in at least one variable from the sample, or use one among a number1061
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of imputation methods (Little & Rubin, 2019). As the first option is not feasible and1062

the second presents an avoidable loss of power, I compare the summary statistics1063

from the imputed data with the complete analysis data, where entries containing1064

missing data are removed.1065

1066

Missing values were imputed based on the remaining plant characteristics while1067

accounting for plant- and yearly fixed effects using multivariate imputation with1068

the R MICE package. Multivariate imputation is commonly used in survey data1069

and can provide smaller variance than alternative methods with small sample1070

sizes (< 10, 000) (Yadav & Roychoudhury, 2018). The MICE (Multiple Imputa-1071

tion by Chained Equations) algorithm is implemented in four steps (Van Buuren1072

& Groothuis-Oudshoorn, 2011):1073

1. Missing values are imputed with a simple method such as imputing the mean1074

2. The imputed means are returned to missing, for only one variable Y at a1075

time1076

3. The non-missing observations of the current Y are regressed on the other1077

variables as predictors1078

4. Regression coefficients for each predictor are used to impute missing values1079

in Y , which is then itself used as a predictor in case of further variables1080

containing missing data1081

Table 2.2 shows summary statistics from the imputed dataset next to the complete1082

data. Comparing means and medians shows that distributions for several vari-1083

ables are skewed towards zero. Following suggestions in Little and Rubin (2019),1084

I therefore use predictive mean matching in step 1) which is implicit and does not1085

require specifying the distribution of the target variable. A Jarque-Bera test rejects1086
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a normal distribution for all variables in both samples (p-values < 0.01). Devia-1087

tion from normality does not in itself invalidate regression analysis, but may be1088

exaggerated by outliers in the sample and should be handled with care in model1089

specification.1090

1091

Table 2.2: Summary statistics

Variable Min Mean Median Max
Dropped NAs

SO2 emissions (kt / year) 0.00 16.5 7.25 284
CO2 emissions (kt / year) 0.25 4, 609 3, 153 27, 231
Generation (GWh / year) 0.00 4, 292 2, 820 25, 054
Heat input (BBtu / year) 0.02 45, 876 32, 477 265, 410
Operating time (hours / day) 0.00 45.3 41.2 231.6
Distance to state border (kilometers) 0.002 50.4 35.4 268

Imputed NAs

SO2 emissions (kt / year) 0.00 16.4 7.18 285
CO2 emissions (kt / year) 0.25 4, 377 2, 843 27, 231
Generation (GWh / year) 0.00 4, 596 3, 141 25, 054
Heat input (BBtu / year) 0.00 45, 563 32, 200 265, 410
Operating time (hours / day) 0.00 45.3 41.6 231.6
Distance to state border (kilometers) 0.002 50.2 34.5 268

Note: Total operating time across generators of a plant may exceed 24 hours.

Figure 2.3 shows scatter plots of four covariates against SO2 emissions. I plot a1092

log-log specification which best fits the linear model given the distributions of1093

covariates. Figure 2.3 shows that the imputed sample (red) contains more outlier1094

observations. Specifically, they arise from imputed zeros in unobserved emissions1095

data. Weighing the risk of overstating standard errors using the imputed sample1096

against the modest loss of power (8,452 versus 8,557 observations) I proceed with1097

the smaller sample without imputation.1098
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Figure 2.3: Scatter plot by sample of sulphur against a) carbon, b) heat input, c) generation

and d) operating time. The bimodality in sulphur arises from lower emissions by plants mixing

coal-fired generators with oil-fired combustion.
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2.5 Method1099

This paper aims to estimate the effect of tightening the cap on SO2 emissions on1100

overall- and cross-border pollution. According to Proposition I, the announcement1101

of CAIR should increase the market price for permits as affected firms scramble to1102

comply with the lowered emission cap. Compliance was incentivized via a $2,0001103

fine per excess tonne of SO2 and the enforcement mechanism involved manda-1104

tory installation of CEMS and emission reporting (Ellerman et al., 2000). Higher1105

permit prices relative to marginal abatement costs (the cost of flue gas desulphuri-1106

sation, such as limestone wet scrubbers, has declined throughout the study period,1107

for both treatment and control groups (Chestnut & Mills, 2005)) are expected to in-1108

crease abatement in CAIR states compared with unaffected emitters. Equation (2.8)1109

states that SO2 dispersion correlates positively with emission rates. I can therefore1110

state in conjunction with Proposition I the first null hypothesis:1111

1112

Hypothesis I: The announcement of CAIR caused no change in average cross-1113

border SO2 emissions from the power sector.1114

1115

Rejecting hypothesis I would confirm that emission rates are important drivers of1116

cross-border pollution, possibly alongside time-invariant factors like the locations1117

of point-sources. The 2008 North Carolina v. EPA ruling established that interstate1118

trade in permits between sources invalidates protection against cross-border pollu-1119

tion. A separate enforcement mechanism exists via the Good Neighbour provision1120

wherein downwind states can petition the EPA to penalise cross-border sources.1121

However, as emphasized in Harstad and Eskeland (2010), the reluctance of the EPA1122

to grant Section 126 petitions call into question the likelihood of penalties. Based1123

on Proposition II that firms do not expect to be fined for excess emissions that are1124

transported out of their home state, I formulate the following null hypothesis:1125
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1126

Hypothesis II: Plants contributing cross-border transport of SO2 emissions did not1127

respond differently to the CAIR announcement.1128

1129

Rejecting hypothesis II would provide evidence that interstate polluters make less1130

effort to comply with emission caps. In a natural experiment with electric utili-1131

ties covered by CAIR in the treatment group and remaining ARP utilities as con-1132

trols, inference relies first on identifying upwind power plants and estimating their1133

cross-border emissions. I do this by feeding hourly data on SO2 emission rates and1134

local weather conditions for coal-fired power plants in 27 eastern states into a cus-1135

tom Gaussian air dispersion model GAUSSMOD.1136

Defining cross-border pollution1137

The cross-border SO2 is defined as the average SO2 concentration (µg/m
3
) dis-1138

persed from a given plant outside of the state in which it is located. Based on1139

heat input, stack flue characteristics and local weather conditions, GAUSSMOD cal-1140

culates the concentration measured at ground level (1.5 meters) where health im-1141

pacts are typically measured (World Health Organization, 2006). Dispersion is cal-1142

culated across a 50,000 m
2

area around the plant, with a resolution of 1,000 m
2

1143

following De Kluizenaar et al. (2001). Figure 2.4 displays the average daily SO21144

dispersion for two large coal-fired power plants, Barry Electric Generating Plant1145

in Alabama and George Neal South Power Plant in Iowa. Over an average day, pol-1146

lution from George Neal is transported across the Iowa-Nebraska border. Figure1147

2.4 illustrates how location and weather trends affect the problem of cross-border1148

pollution. Quality control of GAUSSMOD is reported in appendix 2.71149
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2.5.1 Causal Identification and Estimation1150

Difference-in-differences (DD) is a method designed to estimate the causal impact1151

of a policy on some outcome, such as cross-border pollution. It is known as a quasi-1152

experimental method, because it attempts to approximate randomised controlled1153

experiments, arguably the gold standard of empirical science, using observational1154

data outside of a controlled lab setting. It requires observations from before and1155

after some policy intervention, from the treatment group and unaffected controls.1156

1157

CAIR raised the price of permits for SO2 emissions by reducing the supply rela-1158

tive the nationwide Acid Rain Program via a new regional cap-and-trade program1159

(Shouse, 2018). An increase in the permit price is expected to cause an increase1160

in abatement, because power companies are willing to accept a higher abatement1161

cost. The increase in the permit price following the announcement of CAIR in 20051162

appears clearly in figure 2.5. I define years prior to 2005 as a pre-treatment period,1163

while years following CAIR introduced in 2005 are in the post-treatment period.1164

The two periods produce the first difference in the DD setup. Crucially, CAIR was1165

a regional program covering power plants in 27 states. Plants covered by the rule1166

are labelled as treated, while remaining plants serve as a control group.1167
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Figure 2.4: SO2 dispersion computed with GAUSSMOD is plotted over a 50,000 m
2

area

around two example power plants.
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Figure 2.5: Solid lines denote total annual SO2 emissions across plants in CAIR states (red)

and the control group (blue), and the dashed line the market price for permits. CAIR was

announced in 2005.

These groups produce the second difference in DD. All coal-fired power plants1168

within the CAIR region are treated at the same time and in the absence of stag-1169

gered treatment (Goodman-Bacon, 2021), I use the canonical two-way fixed effects1170

difference-in-differences model with a panel of plants i and years t:1171

ekit = α + β1Gi + β2CAIRt + βDD(Gi × CAIRt) + βXit + ϵit (2.11)

1172

where the index k for outcome e denotes a) total SO2 emissions, b) cross-border1173

SO2 emissions, and c) CO2 emissions as a robustness check. Gi is a dummy vari-1174

able taking the value 1 if plant i is covered by CAIR, and zero otherwise. CAIRt1175

is a dummy variable taking the value 1 when year t is in the post-CAIR years and1176
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zero otherwise. Xit is a vector of covariates. As noted in Schmalensee and Stavins1177

(2013), initial allocation of annual allowances to firms under the Acid Rain Pro-1178

gram was based on heat input.1179

1180

Greater heat input is therefore expected to be associated with higher emissions.1181

Similarly I control for number of permits held by the firm, where high emitters1182

are expected to hold more permits. Further control variables are net electricity1183

generation, total operation time across a plant’s generators, and desulphurisation1184

technology (Bostian et al., 2022) that vary across plants. Examination of the raw1185

data (figure 2.3) shows that a log-log specification in sulphur, heat input, genera-1186

tion and operating time produces the best linear model fit.1187

1188

βDD is the double-difference estimator and the coefficient of interest. It is the dif-1189

ference in average outcome in the treatment group before and after treatment,1190

minus the difference in average outcome in the control group before and after1191

treatment. It can be interpreted as the average treatment effect on CAIR states if,1192

without the policy, the outcome would have evolved in parallel in the treatment-1193

and control groups. This is the parallel trends assumption (Donald & Lang, 2007)1194

which I will discuss in detail shortly. If βDD is significantly different from zero,1195

hypothesis I is rejected.1196

1197

To test hypothesis II, model (2.11) is extended in equation (2.12) with a triple dif-1198

ferences model (Kellogg & Wolff, 2008) where the DD variable is interacted with1199

a dummy variable Cit indicating if the maximum cross-border SO2 from plant i in1200

year t exceeds 1% of NAAQS, or 0.75ppb. This is the screening threshold to iden-1201

tify states with sources that may contribute significantly to air quality problems in1202

downwind states (Shouse, 2018; U.S. EPA, 2019). I do this to test for heterogeneous1203
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treatment effects between plants that contribute meaningfully to downwind cross-1204

border pollution and those that do not, following similar experimental designs in1205

e.g. Berck et al. (2016) (heterogeneous tax rates) and Dubos-Paillard et al. (2019)1206

(flood risk). The share of treated plants in the sample of cross-border polluters is1207

79% versus 65% among plants that do not contribute to cross-border pollution.1208

eit = α + β1Gi + β2CAIRt + β3Cit + β4(Gi × Cit)+

β5(CAIRt × Cit) + βDD(Gi × CAIRt)+

βDDD(Gi × CAIRt × Cit) + βXit + ϵit

(2.12)

In the triple differences (DDD) setup, following the reasoning in Gruber (1994),1209

I compare the double difference among plants that are interstate polluters (max1210

cross-border SO2 > 0.75ppb) against the double difference among plants that are1211

not. The coefficient of interest βDDD tells us the difference in the treatment effect1212

between cross-border polluters and others. An estimate of βDDD statistically dif-1213

ferent from zero rejects hypothesis II. Theory established in section 2.3 predicts a1214

βDDD > 0 due to moral hazard. The identifying assumption of this DDD estima-1215

tor is fairly weak: I have previously established that there is no change in policy1216

between Cit = 1 and Cit = 0 due to the insufficiency of CAIR to penalize cross-1217

border pollution. Like the double difference setup, it also requires that there be no1218

contemporaneous shock that affects the relative outcomes of the treatment group1219

in the same state-years as the law.1220

Addressing selection bias and parallel trends1221

Figure 2.6 maps the power plants in my data broken down by average emission1222

rates between 1997 and 2005, before the CAIR announcement. It also shows whether1223

a given plant transported SO2 concentrations across a state border in an average1224

year during this period. Plants are coloured to reflect their average SO2 emission1225
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rate over the pre CAIR period, with the largest emitters shown in red and the1226

smallest in green. Plants that transport SO2 into a neighbouring state are plot-1227

ted as either diamonds (border distance under 1, 000 meters) or triangles (over1228

1, 000 meters). Figure 2.6 displays several low-emission plants as cross-border pol-1229

luters, showing that location plays a role. The majority of cross-border polluting1230

plants are located in states that would be covered by CAIR, as are those with the1231

highest overall emission rates. This is unsurprising as the CAIR region sought to1232

address SO2 pollution from the worst emitters. Although Heckman et al. (1996)1233

recommend that the two-by-two treatment group and time interaction is robust1234

to selection bias, the double- and triple difference estimators only recover the true1235

causal effect of the policy of interest when there are not concomitant (simultane-1236

ously occurring) trends that differentially affect the treatment and control groups1237

(Wooldridge, 2007).1238

1239

I perform a robustness test following the difference-in-differences approach in Jia1240

et al. (2021), who compare treated observations only to "matched" controls that1241

have similar characteristics. Results from this approach using propensity score1242

matching are reported in Appendix A. In this case, concomitant (simultaneously1243

occurring) treatment effects could arise from policies and economic trends that dif-1244

ferentially (dis)incentivises pollution between CAIR states and outside. To test for1245

concomitance bias, I also estimate a variant of equations (2.11) and (2.12) with CO21246

emissions as the outcome variable. CO2 emissions result from the same coal burn-1247

ing process as do SO2 emissions and are perfectly correlated absent any abatement.1248

However, the two regions did not regulate CO2 emissions differently. The con-1249

comitance hypothesis can be more confidently rejected if no CAIR-related treat-1250

ment effect can be observed for carbon emissions.1251
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2.6 Results1252

Event studies (figure 2.7) on the three main outcome variables (sulphur, cross-1253

border sulphur, and carbon emissions) show that any observable pre trends are1254

not statistically significant. Zero (or parallel) pre trends suggest that emissions in1255

states that would be covered by CAIR were not on a different trajectory before1256

2005. These results support the null hypothesis that in the counterfactual state of1257

the world (i.e. in the absence of CAIR), emissions in the two sets of states would1258

not have evolved differently. While no definitive proof of the counterfactual ex-1259

ists, event studies showing zero parallel pre trends have often been used to support1260

the hypothesis, including Barreca et al. (2021) and Fowlie et al. (2018). Figure 2.71261

indicates a clear negative treatment effect for overall sulphur emissions, which1262

suggests benefits on top of the Acid Rain Program reductions acknowledged in1263

Chay and Greenstone (2003a) just before CAIR was announced, and more recently1264

in Barreca et al. (2021). Moving on to carbon emissions, the event study shows1265

no significant treatment effect from CAIR. While lagged means trend downward1266

following the CAIR announcement, they never fall outside the 95% confidence in-1267

terval around the null. This provides more convincing evidence that there were1268

not other trends that differentiated abatement behaviour by firms in the CAIR re-1269

gion from others.1270

1271

Finally, figure 2.7 shows the event study for our primary outcome of interest, which1272

is denoted by a dummy variable indicating whether cross-border sulphur calcu-1273

lated with GAUSSMOD exceeds 1% of the NAAQS. The event study again shows a1274

negative but less pronounced treatment effect from CAIR, where the announce-1275

ment lowers the average probability that a treated plant transports at least 0.751276

ppb to another state.1277
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Figure 2.7: Event studies for total annual SO2 (left), cross-border SO2 (middle) and CO2

(right) with a treatment time at 2005



74

Table 2.3 displays the regression estimates for the outcomes k in model (2.11). Un-1278

less otherwise specified the models are estimated using the Stata 17 xtdidregress1279

command with heteroskedasticity robust standard errors clustered at the plant1280

level (Pinzon, 2021) but the fixest package (Bergé et al., 2018) in R 4.3 provides1281

equivalent results. sulphur, carbon, heat input, generation and operation time are1282

log-transformed to better fit the linear model (R
2 ≈ 0.25) versus the original data1283

(R
2 ≈ 0.1). As suggested by the event studies, model (1) results in a significant1284

difference-in-differences estimate of −0.24 interpreted as a ≈ 24% reduction of1285

sulphur emissions in CAIR states as a result of the policy. When the parallel trends1286

assumption holds, the difference-in-differences estimator can be approximated as1287

the ATT (Kahn-Lang & Lang, 2020) and is widely used for program evaluation.1288

1289

Model (2) shows equation (2.11) with carbon emissions as the outcome. This model1290

was estimated to evaluate the risk of concomitant treatment effects confounding1291

the hypothesized causal effect of CAIR. The DD estimate for model (2) is −0.0021292

and is not statistically significant. The announcement of CAIR does not appear to1293

have had affected pollutants not regulated by CAIR itself. Models (3) and (4) are1294

the main equations of interest. The outcome in model (3) is average annual cross-1295

border SO2 (µg/m3
). The DD estimate is −0.02 and statistically significant. The1296

result is that CAIR caused on average a 0.02µg/m3
reduction in cross-border SO21297

but should be cautiously interpreted. Recent research, e.g. Boulton and Williford1298

(2018), has raised concerns about OLS with so-called semicontinuous outcomes1299

where the data contains a large proportion of zeros. Unlike zeros resulting from1300

censoring (Tobin, 1958), cross-border sulphur is highly skewed toward zero simply1301

because many plants do not produce any cross-border pollution.1302
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Binary logit or linear probability models (Buntin & Zaslavsky, 2004) have been1303

proposed as solutions. Because logit coefficients are less easily interpreted, and the1304

drawbacks of LPM are irrelevant in a difference-in-differences setting (prediction is1305

not an objective), model (4) estimates the coefficients from model (3) with LPM. Its1306

binary outcome takes the value one if the average cross-border SO2 concentration1307

from a plant i in year t exceeds 0.75 ppb, or 1% of the NAAQS (U.S. EPA, 2019),1308

zero otherwise. The treatment effect is −0.03 and significant. The interpretation1309

is that CAIR caused a 3% reduction in cross-border SO
2
.1310

2.6.1 Heterogeneous treatment effects1311

Table 2.4 shows three specifications of the triple differences model designed to test1312

hypothesis II. The triple difference estimator in model (1) is the regression coef-1313

ficient for (Gi × CAIRt × C>0.75ppb
it ) and is positive at 0.23. It suggests that the1314

treatment effect from CAIR on average SO2 emissions was 23% smaller among1315

plants that transported at least 1% of the NAAQS (0.75 ppb) across state bound-1316

aries. This result supports rejection of hypothesis II, as the reduction in emissions1317

following the implementation of CAIR was less pronounced among plants that1318

transport a meaningful amount of SO2 across state lines.1319

Sensitivity analysis: Distance to state border1320

Models (2) and (3) instead estimate the heterogeneous treatment effects among1321

plants located at less than 10 and 20 kilometers from a state border, respectively.1322

A plant’s proximity to a state border is strongly but not perfectly correlated with1323

the likelihood of producing cross-border SO2 (0.41). It is plausible that moral haz-1324

ard incentives arise not primarily from the cross-border emissions themselves but1325

from the proximity to another state. For example, polluters may be unaware of1326

their cross-border contribution, which a monitoring system attached to the flue1327



76

stack cannot estimate, and use distance to borders as a proxy.1328

1329

In table 2.4 I therefore also report DDD estimates for these two groups. For plants1330

within 10 kilometers from a border, the DDD coefficient for SO2 is positive and1331

statistically significant at 0.33. Irrespective of cross-border SO2 emissions, the1332

abatement effect from CAIR was less pronounced among plants within 10km from1333

the border. However, for model (3) the DDD coefficient is null. This heteroge-1334

neous treatment effect (potentially from moral hazard) does not appear to extend1335

as much beyond 10km. These estimates arise from data further illustrated in fig-1336

ure 2.8, showing a smaller CAIR-associated treatment effect for plants closer to a1337

state border. This is not due to plants close to the border starting off from a higher1338

base rate of emissions. The correlation between emissions and border proximity is1339

only−0.003 in the pre-CAIR period. Similarly, the post-CAIR reduction in average1340

SO2 emissions is lower among treated plants that transport more than 50% of their1341

emissions across state lines, and the divergence with the control group diminishes.1342

1343

The indicators of proximity to a state border do not account for wind patterns.1344

Data on prevailing winds over a typical year is available from weather stations1345

across the continental United States (see figure 2.1). I divide the data into incre-1346

ments of 15◦ and select the most frequently occurring increment (the mode) at the1347

location of each power plant. A 360◦ direction denotes wind from north to south,1348

270◦ means west to east, 180◦ means south to north, and so on. I calculate the1349

distance from each power plant to the state border in the direction of prevailing1350

wind. Table 2.5 reproduces triple-difference models (2) and (3) in table 2.4 with the1351

one difference that proximity to a state border is the downwind distance and not1352

the nearest distance. I find that the treatment heterogeneity on the basis of down-1353

wind proximity to the state border is larger (ca 75%), given a regression coefficient1354
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of 0.56 (Halvorsen & Palmquist, 1980) added to the logarithm of emissions) when1355

proximity is measured as downwind distance. This is compared to a heterogeneity1356

of approximately 40% when nearest border distance is used.1357

1358

Table 2.3: Regression results

Continuous outcome LPM

(1) (2) (3) (4)

Outcome log(sulphur) log(carbon) cross-border SO2 > 0.75ppb
DD −0.24 −0.002 −0.02 −0.03

(0.05)∗∗∗ (0.007) (0.002)∗∗∗ (0.007)∗∗∗

log(Heat Input) 0.65 0.34 −0.01 0.014
(0.16)∗∗∗ (0.15)∗∗ (0.005)∗∗ (0.017)

log(Operation Time) 0.64 0.08 0.008 0.004
(0.12)∗∗∗ (0.03)∗∗ (0.004)∗∗ (0.016)

log(Permits) 0.04 −0.00 0.001 0.0014
(0.006)∗∗∗ 0.00 (0.001) (0.001)∗

sulphur Control (%) −0.58 0.16 −0.03 −0.07
(0.07)∗∗∗ (0.014)∗∗∗ (0.007)∗∗∗ (0.014)∗∗∗

log(sulphur) 0.06 0.009 0.034
(0.004)∗∗∗ (0.001)∗∗∗ (0.002)∗∗∗

R2 0.83 0.99 0.70 0.84
within-R

2 0.25 0.94 0.06 0.10
Plant FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Obs. 8, 452 8, 452 8, 452 8, 452
Significance: p < 0.01 : ∗ ∗ ∗, p < 0.05 : ∗∗, p < 0.1 : ∗
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Table 2.4: Heterogeneous treatment effects

(1) (2) (3)

Cross-border SO2 Distance to border Distance to border

> 1% NAAQS < 10 km < 20 km

Outcome variable ln(sulphur) ln(sulphur) ln(sulphur)

Treatment effect for Cit = 0 −0.24 −0.31 −0.20
(0.06)∗∗∗ (0.06)∗∗∗ (0.06)∗∗∗

Treatment effect for Cit = 1 −0.01 0.02 −0.25
Treatment heterogeneity 0.23 0.33 −0.05

(0.11)∗∗ (0.12)∗∗ (0.11)
R
2 0.84 0.83 0.83

Within-R
2 0.29 0.24 0.24

Plant FE Yes Yes Yes

Year FE Yes Yes Yes

Obs. 8, 452 8, 452 8, 452
Significance: p < 0.01 : ∗ ∗ ∗, p < 0.05 : ∗∗, p < 0.1 : ∗

C is a dummy variable indicating if plant i (1) contributes more than 1% of NAAQS across

state borders, (2) is within 10 km from a state border, or (3) within 20 km from a border.
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Table 2.5: Heterogeneous treatment effects II

(1) (2)

Distance to border Distance to border

< 10 km downwind < 20 km downwind

Outcome variable ln(sulphur) ln(sulphur)

Treatment effect for Cit = 0 −0.33 −0.31
(0.06)∗∗∗ (0.06)∗∗∗

Treatment effect for Cit = 1 0.23 0.05
Treatment heterogeneity 0.56 0.36

(0.14)∗∗∗ (0.13)∗∗∗

R
2 0.83 0.83

Within-R
2 0.25 0.25

Plant FE Yes Yes

Year FE Yes Yes

Obs. 8, 452 8, 452
Significance: p < 0.01 : ∗ ∗ ∗, p < 0.05 : ∗∗, p < 0.1 : ∗

C is a dummy variable indicating if plant i (1) is within 10 km downwind from a state border,

or (2) within 20 km downwind from a border.
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Figure 2.8: Post-CAIR reduction in average SO2 (%) emissions by distance to state border

(left) and average cross-border pollution shares (right)

2.7 Discussion and conclusion1359

While the Clean Air Interstate Rule was a regional program, its cap-and-trade1360

mechanism was not spatially targeted. Following a U.S. court ruling against the En-1361

vironmental Protection Agency in 2008, CAIR was vacated partly on the grounds1362

that its design did not adequately protect downwind states against cross-border1363

pollution. North Carolina v. EPA held that that the CAIR trading program went1364

beyond the mandate of the Clean Air Act because the regional program did not1365

address sources from one specific state contributing to nonattainment in another1366

specific state.1367

1368
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EPA designed CAIR to eliminate pollution from out-of-state sources as a group, as1369

summarized in Kruse (2009): "Pollution would be reduced regionally, but any state1370

could buy enough credits to escape the requirement to reduce its impacton other1371

states". However, if cross-border pollution primarily depends on overall emission1372

rates, modelling CAIR on the successful Acid Rain Program may not have been a1373

significant problem in practice. In this article I have evaluated this hypothesis and1374

provided evidence against the argument that CAIR was ineffective at reducing in-1375

terstate pollution. Using a novel combination of atmospheric dispersion modelling1376

and difference-in-differences analysis, I support previous findings that CAIR was1377

indeed successful in reducing overall sulphur emissions from covered sources (20-1378

30%) due to a temporary rise in the price of permits, but also report a reduction in1379

cross-border sulphur concentrations and the number of sources that transported1380

sulphur across state lines. CAIR caused an average 2.3-3.7% reduction in the risk1381

of exceeding 1% of NAAQS in a downwind state.1382

1383

I support previous evidence (Glasgow & Zhao, 2017; Heo et al., 2023) that cross-1384

border emissions are partly driven by geographic factors, most importantly the1385

distance of the source from a state border, and also annual weather trends as I dis-1386

cover that there are plants several kilometers from a state border, yet contribute1387

to downwind sulphur pollution in another state.1388

1389

I add to this literature by quantifying cross-border pollution using a custom Gaus-1390

sian dispersion model and showing that concentrations are universally below the1391

national air quality standards (NAAQS) set by the EPA, although states around the1392

former coal-mining belt of Kentucky, Indiana, Ohio, and West Virginia (see figure1393

2.6) share many high-emission sources along their borders.1394

1395
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By computing the contribution of cross-border pollution from each plant using1396

GAUSSMOD I uncover that moral hazard may have de-fanged the effectiveness of1397

CAIR for certain plants. The reduction in overall annual sulphur emissions caused1398

by the CAIR announcement was weaker among affected plants that contributed1399

more than 0.75 ppb of cross-border SO2 concentration.1400

1401

Additionally, this weaker treatment effect extends to plants within 10 kilome-1402

ters of a state border, even though less than 50% contribute to cross-border non-1403

attainment. A possible mechanism to explain this phenomenon is the way SIPs1404

(see section 2.2) are applied. States submit SIPs to the EPA outlining their plans1405

to achieve air quality targets within their state and regulations in the SIPs are gen-1406

erally enforced by the state. While section 126 petitions have increased over the1407

past five years (Gerrish, 2020), states may be less motivated to regulate pollution1408

which leaves its borders. However, my results also indicate that this moral hazard1409

may be primarily driven by proximity to the state border, not knowledge about1410

cross-border contributions itself.1411

1412

My results provide new nuance to the arguments that led to the vacation of CAIR1413

in the 2008 North Carolina v. EPA case. On the one hand, average cross-border1414

SO2 declined as a result of CAIR. On the other hand, the decline was consider-1415

ably smaller than that of overall emissions (2− 4% versus 24%). In addition, SO21416

emissions from plants that did contribute to cross-border concentrations appear1417

less affected by CAIR, as were plants within 10 kilometers from a state border.1418

Moral hazard can be prevented by monitoring not only emissions at the source1419

but also cross-border transport, for example using the EPA’s AERMOD dispersion1420

model which inspired GAUSSMOD.1421

1422



83

A trading ratio can be applied to the permit market in which a purchasing plant1423

faces a higher (lower) price reflecting the relatively higher (lower) propensity for1424

cross-border pollution vis-a-vis the seller Holland and Yates (2015). Acknowl-1425

edging the geographic moral hazard problem is particularly important in settings1426

where regional regulators have less incentives to collaborate. For example, Heo et1427

al. (2023) find that trans-boundary air pollution from China significantly increases1428

mortality and morbidity in South Korea. Even within China, Cai et al. (2016) find1429

that provincial governments respond to pollution reduction mandates by shifting1430

their enforcement efforts away from the most downstream county, from where1431

pollution is directly transported into another province. A regional cap-and-trade1432

program across East Asia or the ASEAN region would likely suffer from similar1433

likelihood of moral hazard. A permit market with spatially explicit trading ratios1434

based on downwind risk might help manage these concerns.1435
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Appendix A: Matched Controls1436

Propensity Score Matching (PSM) is a statistical technique used in observational1437

studies to estimate the effect of a treatment or intervention by reducing bias that1438

arises from confounding variables. It is a common augmentation to difference-in-1439

differences estimation. In natural experiments where assignment to the treatment1440

group is not random (CAIR targeted states with many high-risk coal-fired plants),1441

it is helpful to control for differences between treated and control groups that may1442

influence the outcome. PSM works by matching power plants in the treated group1443

with plants in the control group that have similar characteristics, as determined1444

by the propensity score (Jia et al., 2021). The propensity score is the predicted1445

probability of belonging to the CAIR group, which is estimated in equation (2.13):1446

ln
Pr(Gi = 1)

Pr(Gi = 1)− 1
= β1 ×BorderDistance+ β2 ×HeatInput+ β3 × δi,Si

(2.13)

By implementing PSM within a DD framework, it is possible to further control1447

for time-invariant confounding variables and ensure that the estimated treatment1448

effect is more robust. In this case, the distance between the power plant and the1449

state border, the base heat input of the plant’s generators, and the proportion of1450

SO2 emissions δ that remain within the home state Si of firm i.1451

1452

Matching of control plants to treated plants was done on pre-CAIR observations1453

from 2004. These variables most strongly predicted assignment into the treatment1454

group using a generalized linear probability model. Propensity score matching1455

was performed using the MatchIt package in R. The package attempts to match1456

plants in the treatment group with controls based on their similarity. As not all1457

treated plants could be matched to a suitably similar control, the sample in table1458
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2.6 is a smaller balanced panel of 188 plants across 24 years. The results direction-1459

ally agree with those reported in section 2.6.1460

1461

Table 2.6: Regression results

Continuous outcome LPM

(1) (2) (3) (4)

Outcome log(sulphur) log(carbon) cross-border SO2 > 0.75ppb
DD −0.18 −0.002 −0.05 −0.16

(0.05)∗∗∗ (0.015) (0.003)∗∗∗ (0.01)∗∗∗

log(Heat Input) 0.30 0.43 −0.01 0.07
(0.12)∗∗∗ (0.11)∗∗∗ (0.005)∗∗ (0.02)∗∗∗

log(Operation Time) 1.03 0.12 0.008 0.004
(0.14)∗∗∗ (0.06)∗ (0.004)∗∗ (0.016)

log(Permits) 0.05 −0.00 0.001 0.0014
(0.008)∗∗∗ 0.00 (0.001) (0.001)∗

sulphur Control (%) −0.53 0.15 −0.03 −0.07
(0.09)∗∗∗ (0.018)∗∗∗ (0.007)∗∗∗ (0.014)∗∗∗

log(sulphur) 0.07 0.009 0.07
(0.006)∗∗∗ (0.001)∗∗∗ (0.004)∗∗∗

R2 0.86 0.97 0.73 0.85
within−R2 0.35 0.81 0.15 0.21
Plant FE Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Obs. 4, 290 4, 290 4, 290 4, 290
Significance: p < 0.01 : ∗ ∗ ∗, p < 0.05 : ∗∗, p < 0.1 : ∗
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Appendix B: GAUSSMOD validation1462

Quality assurance for the GAUSSMOD model was carried out by testing that its re-1463

sults agreed with theoretically predicted SO2 dispersion given a set of input pa-1464

rameters. Figure 2.9 displays average monthly dispersion around a randomly se-1465

lected power plant from within the sample. Legends show the average (median)1466

wind direction measured at the most proximate weather station. Wind direction is1467

presented in degrees from true north, such that e.g. a 0/360◦ direction is north-to-1468

south, 90◦ is east-to-west, 180◦ is south-to-north, etc. Figure 2.9 shows that SO21469

disperse in the direction of prevailing wind, which supports correct implementa-1470

tion of geometry modules within GAUSSMOD. Figure 2.9 also shows that prevailing1471

wind patterns are relatively stable over the year. This reduces uncertainty around1472

the annual estimates of cross-border pollution made in this chapter.1473

1474

The theoretical predictions from a correct implementation of GAUSSMOD were also1475

tested by regressing simulated SO2 at sites of nearby EPA monitoring stations1476

(within 20 kilometers) on variables that are expected to drive dispersion. The1477

regression results are shown in table 2.7. The outcome in models (1) and (2) is1478

the simulated SO2 at the EPA monitor site, excluding and including plant fixed1479

effects respectively. The outcome in models (3) and (4) is monthly average SO21480

measured at the monitor. The EPA monitor measure is not directly comparable to1481

the GAUSSMOD measure because the former records ambient SO2 from all sources.1482

The coefficient for temperature gradient (between the exit flue gas and ambient1483

air) is negative in the GAUSSMOD models. This is expected, as gasses with large1484

temperature gradients rise faster. The coefficient for smoke stack height is simi-1485

larly expected to be negative for the same reason. A positive coefficient for wind1486

speed is expected for monitor sites located downwind of the power plant.1487
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The downwind dummy is positive for the GAUSSMOD models, corroborating the vi-1488

suals in figure 2.9 showing that the pollutant is transported in the wind direction.1489

The plant fixed-effects captures variation in plant coordinate accuracy. At small1490

distances, relatively minor geolocation errors may produce inaccurate angles be-1491

tween the wind vector and the plant-monitor site vector.1492

1493

Table 2.7: Regression results

(1) (2) (3) (4)

Outcome GAUSSMOD SO2 EPA SO2

Temp gradient (
◦
C) −0.003 −0.004 −0.008 0.064

(0.001)∗∗∗ (0.008) (0.001)∗∗∗ (0.033)∗∗

Wind speed (m/s) 0.049 −0.046 0.878 0.016
(0.015)∗∗∗ (0.045) (0.059)∗∗∗ (0.146)

Stack height (m) −0.001 −0.005
(0.0003)∗∗∗ (0.0009)∗∗∗

Downwind dummy 1.424 0.438 0.18 −0.58
(0.542)∗∗∗ (0.151)∗∗∗ (0.405) (0.175)∗∗∗

R2 0.255 0.515 0.424 0.781
within−R2 0.235 0.138 0.356 0.084
Plant FE No Yes No Yes

Month FE Yes Yes Yes Yes

Obs. 228 228 228 228
Significance: p < 0.01 : ∗ ∗ ∗, p < 0.05 : ∗∗, p < 0.1 : ∗
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Figure 2.9: Monthly simulated SO2 using GAUSSMOD from the Hunters Point power plant

in San Francisco, California. The average monthly wind direction is added as a blue arrow

overlay.
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Chapter 31494

Evaluating environmental land1495

management using hypothetical1496

choice experiments1497
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3.1 Introduction1498

This chapter provides the necessary policy background which motivates the re-1499

search presented in chapters 4 and 5. Each chapter is concerned with a particular1500

class of environmental regulation and subsidy mechanism: Environmental land1501

management (ELM) schemes. Such schemes compensate farmers to engage in land1502

management actions that drive environmental outcomes such as reduced pollutant1503

runoff (Kampas et al., 2013), flood mitigation (Holstead et al., 2017; Kenyon, 2007;1504

Reaney, 2022), or increased biodiversity (Image et al., 2022, 2023).1505

1506

Both chapters explore a common set of simulated spatial configurations for hypo-1507

thetical ELM actions within a real English agricultural landscape. Chapter 4 eval-1508

uates the hypothetical actions by their potential to reduce surface water runoff1509

and catchment flooding. It proposes a market for trade in ELM contracts and stud-1510

ies the impact of transaction costs. Chapter 5 evaluates their impact in terms of1511

providing pollination services by creating insect habitats. It adds to the analysis1512

by adding a coordination bonus to the hypothetical ELM offering (Banerjee et al.,1513

2017), where farmers can receive additional compensation to improve habitat con-1514

nectivity by collaborating with a neighbour.1515

1516

Across the two chapters, the research questions outlined in chapter 1 are analysed1517

empirically using data collected from farmers in England using survey methods.1518

The rest of this chapter is structured as follows: The first section sets out the back-1519

ground and current state of ELM schemes in England. The second section describes1520

the farmer survey, sets out the sampling strategy, describes the sample, and eval-1521

uates its representativeness for the farming population in the region.1522

1523

The third section sets out three hypothetical discrete choice experiments (DCEs)1524
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that surveyed farmers were invited to participate in. Finally, the fourth section1525

guides the reader through three approaches to analyse DCE results and motivates1526

the modelling choices. This chapter does not report any results. Hypothesis tests1527

and environmental modelling for cost-effectiveness analysis in terms of flood risk1528

reduction and pollination services are presented in chapters 4 and 5, respectively.1529

3.2 Environmental Land Management in England1530

In the 1980s, the UK government began offering ELM schemes in response to grow-1531

ing environmental concerns, particularly around the use of pesticides and their1532

impact on biodiversity. Soon, these schemes would be directed by the EU’s Com-1533

mon Agricultural Policy (CAP). Agricultural- and environmental policy in the UK1534

is devolved to its four nations and following Brexit, each nation is developing new1535

agricultural policy and payment schemes (Clements et al., 2021). Farmers and land1536

managers in England can enrol in ELM schemes offered through Defra that pay1537

farmers ”to deliver, alongside food production, significant and important outcomes1538

for the climate and environment that can only be delivered by farmers and other1539

land managers in the wider countryside” (Defra, 2022). The ambition of Defra is1540

to increase participation to 70,000 land managers by 2028, covering 70% of farmed1541

land and 70% of all farms, although Clements et al. (2021) observe that the National1542

Audit Office has raised doubts about the likelihood of timely completion.1543

1544

During the period of data collection for this research (summer of 2022), two sep-1545

arate schemes have been on offered to eligible land managers in England. The1546

Sustainable Farming Initiative (SFI) seeks to provide payment for simple projects1547

that are possible for the majority of land managers to take on with minimal guid-1548

ance, while the Countryside Stewardship (CS) scheme focuses on more targeted1549
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interventions relating to specific habitats and features that can be done alongside1550

food production (Defra, 2022). SFI contracts last for three years, and tenant farm-1551

ers do not need landowner permission to enrol. The durations of CS contracts vary1552

depending on the intervention. The SFI and CS schemes are individual commit-1553

ments, although a separate Landscape Recovery scheme involves groups of land1554

managers and farmers working together to deliver a range of environmental ben-1555

efits across farmland and rural landscapes (Defra, 2022).1556

1557

Enrolment into the schemes worked as follows; a) a land manager selects the land1558

parcels they would like to enter into the scheme using digital maps from the Ru-1559

ral Payments Service under Defra, b) they authorise a Defra agent to submit an1560

application, c) site visits by the regulator are planned to assess how the environ-1561

mental aims are met under the options in the agreement, and d) payments are made1562

according to rates shown in figure 3.1. Farmers can participate in and receive pay-1563

ments from both the SFI and the CS schemes, although compensation may not be1564

paid twice for the same action on the same land parcel via different schemes.1565

1566

Minimum durations for actions in both schemes vary; contracts involving small-1567

scale interventions normally last for five years, while more comprehensive actions1568

such as planting trees last for ten years. It is important that schemes are designed1569

to produce the desired environmental outcomes, as the most important interven-1570

tions put in place at this time are ‘locked-in’ for up to a decade.1571

1572

A final important aspect of the policy background is the Basic Payment Scheme1573

(BPS) which is a general government grant to farms available both for productive1574

and retired land enrolled in ELM. Land is eligible for the BPS if it is agricultural1575

land (arable, permanent grassland or permanent crops), used primarily for an agri-1576



93

cultural activity for the whole of the relevant calendar year. Defra aims to phase1577

out this payment in favour of action-based payments such as the SFI and the CS1578

schemes. Tyllianakis et al. (2023) suggest that the credibility of the government’s1579

position on the BPS is a reason that participants in their survey displayed a strong1580

preference to enrol in an ELM scheme.1581

1582

Figure 3.1: Overview of two actions offered through the Countryside Stewardship scheme

There already exists academic evidence on the drivers of ELM participation. Mamine,1583

Minviel, et al. (2020) summarise 79 DCE studies (including 33 from Europe) on ELM1584

uptake among farmers. The expected income from the contract was a significantly1585

positive predictor of uptake in 15 out of the 18 experiments that tested for it. The1586

positive effect from an up-front payment upon signing the contract is similarly1587
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conclusive. Eight out of eleven studies also show a significantly negative effect of1588

clauses involving collective commitments (such as coordinated placement of nat-1589

ural features (Kuhfuss et al., 2016)) from a pool of farmers on the same contract.1590

This could reflect both coordination costs and reputational costs from deviating1591

from the collective (Franks, 2011). UK farmers are aware that some environmental1592

externalities like flood risk is not driven by practices on individual farms (Hol-1593

stead et al., 2017) and have shown high endorsement in principle of higher pay1594

for greater effort, rather than external circumstances (Loft et al., 2020). Perceived1595

inequity can threaten participation.1596

1597

The evidence provides guidance on how to effectively promote ELM schemes; a)1598

compensation payments should be significant enough to change farmers’ tradi-1599

tions and inertia, and offers must therefore be targeted where the environmental1600

benefits are clear, b) information and advise should be offered, c) policy needs to1601

internalise externalities from farm actions, and d) analysis of the distributional ef-1602

fects for planned schemes should recognise the equity concerns that farmers may1603

perceive. These factors were considered in the design of the hypothetical ELM1604

schemes.1605

3.3 Simulations of ELM schemes1606

Hypothetical landscapes were simulated by changing the land use class of individ-1607

ual groups of pixels in the UKCEH land cover data from agricultural land to ELM1608

features. These features come in two types, inspired by actions funded via the1609

Countryside Stewardship scheme: a) Natural regeneration, which involves a re-1610

versal from agriculturally productive land use into unimproved permanent grass-1611

land. On former cropland or fallow, grasses and/or flowers are to be sown and left1612
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alone. b) Broadleaf trees, including fruit trees recommended in (Image et al., 2023),1613

which involves planting, fencing, and maintaining trees.1614

1615

The landscapes were representative of the Eden catchment in the north-west of1616

England. The Eden catchment is a largely agricultural landscape shaped by upland1617

peat and fells feeding a fertile sandstone valley and floodplain. Farming (predomi-1618

nantly sheep, dairy and grassland grazing, with limited arable) dominates land use1619

and local identity. That farming both supports the local economy and creates en-1620

vironmental pressures (nutrients, sediment, flood risk), which local partnerships1621

and stewardship schemes are actively addressing (Eden River Trust, 2025).1622

1623

Natural features were placed across samples from the catchment in four different1624

spatial configurations. Examples of these configurations are shown in figure 3.2.1625

The first variant (upper left) is corridors along field edges, where a field is defined1626

as a contiguous patch classed as either cropland (cereals, soybeans, etc.), fallow, or1627

grassland used for grazing. The second variant (upper right) is in-field corridors,1628

in which the features are placed in straight lines across the fields. Such in-field1629

corridors are more disruptive to farming operations, as they take more productive1630

land out of production and obstruct thoroughfare with tractors and other machin-1631

ery. The third variant (lower left) is in-field "isles", disconnected patches, 10 to 201632

meters wide, distributed evenly across the field. More permeable than the in-field1633

corridors, the isles can nonetheless cover larger fields, while retiring significantly1634

less land. Finally, the fourth variant (lower right) shows a larger contiguous patch1635

placed randomly in the landscape.1636

1637

The total area of natural features in each simulation is governed by adjusting the1638

gap between isles and corridors. The contiguous patch is drawn to match the1639
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combined area of the in-field and field edge corridors. The in-field isles will cover a1640

smaller area than the corridors and patch at each gap. Larger gaps between natural1641

features mean less farmland taken out of production and less need for coordination1642

between farmers, at the expense of fewer habitats and less connectivity. In this1643

chapter gaps between 200 meters and 1,500 meters are simulated.1644

Figure 3.2: Spatial configuration of NFM features: Upper left shows the contiguous patch;

upper right shows field-edge corridors; lower left shows in-field corridors; lower right shows

in-field islands
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Figure 3.3: Photographs of natural regeneration along field edges (A) and in-field rows of

flowering fruit trees (B) in an agricultural landscape in the UK (Image et al., 2023)

3.4 Survey and sample characteristics1645

Respondents for the farmer survey were recruited from several counties in the1646

north of England and initially contacted via mail. Addresses of probable farmers1647

were hand-collected from council authorities by searching for and recording en-1648

tries that included the word farm. Access to electoral registers containing the ad-1649

dresses was granted for research purposes. The author personally visited the Eden1650

District Council in Penrith and the Durham County Council in the city of Durham.1651

A research assistant was hired to visit the Northumberland County Council in1652

Morpeth and the North Yorkshire Council. Invitations to participate in the survey1653

were sent out to approximately 3, 100 unique addresses with a brief written in-1654

troduction to the research project, the authors’ contact information and an offer1655

of a £50 payment to compensate them for their time if electing to complete the1656

experiment. Funding to cover compensation was gratefully received via a joint1657

grant from the UK Natural Environment Research Council and the Economic and1658
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Social Research Council, as well as a Durham University Seedcorn grant. This was1659

a promised payment, not to be paid until the individual had completed the survey.1660

1661

Slonim et al. (2013) document a so-called opt-in bias in participation in economic1662

experiments where individuals with more leisure time, a greater interest in eco-1663

nomics and science, and that are more pro-social than average are more likely to1664

participate in experiments. Cash payments for participation can reduce the opt-1665

in bias along intrinsic motivators by introducing a competing extrinsic incentive1666

(Groves et al., 2000). This leaves open channels for bias in terms of differences in1667

the economic value of time between individuals. However, these differences are1668

easier to observe and control for using a battery of socioeconomic control ques-1669

tions. The payment is also more generous (ca five times the UK minimum wage1670

for a 30 − 45 minute experiment) compared with the $30 (twice the local mini-1671

mum wage) offered by Slonim et al. (2013) for a similar commitment. It has been1672

suggested that a higher payment reduces opt-in bias by incentivising a broader1673

segment of the population (Slonim et al., 2013).1674

1675

Invitations to participate were mailed out in three rounds covering the separate1676

segments of the sampled geographies approximately three weeks apart. In ad-1677

dition, reminders were sent out following each round to farms that had not re-1678

sponded to the initial mail-out. Interested individuals contacted the researchers to1679

receive a link to an online survey. The questionnaire was created using the sur-1680

veying software Qualtrics (Qualtrics, 2020).1681

1682

While most surveys were completed remotely online, 36 surveys were also admin-1683

istered in person to include farmers who were unfamiliar with web-based survey1684

participation. These were either conducted in focus groups or individually at the1685
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respondent’s home. In-person surveys were more costly but could reach a wider1686

set of respondents and clarify any ambiguities in the survey presentation (John-1687

ston et al., 2017).1688

1689

717 persons responded to the survey, and 494 persons completed it. A further 671690

respondents were dropped due to failure to answer necessary socio-demographic1691

control questions, leaving a sample of 427 individuals. Farm sizes range widely1692

between 2 and 2000 hectares with Northumberland and County Durham hosting1693

the highest concentration of large farms. The average farm size is 233 hectares.1694

26% of respondents were female, and the average age in the sample was 54 years.1695

76% of respondents said that farming was their primary source of income, and1696

55% were currently enrolled in an ELM scheme. Summary statistics are shown in1697

table 3.1.1698

1699

Postcodes for the farms were collected from the respondents. I used the UK Office1700

for National Statistics (ONS) postcode directory to extract latitude and longitudes1701

(Reid et al., 2017) in order to approximately geolocate the farms. Figure 3.4 shows1702

the sampling area and land endowments of farms in the final dataset. The dis-1703

tribution of farm sizes defined as hectares of productive land has long tails with1704

extreme values at both top and bottom ends. The smallest stated farm size is one1705

hectare (10, 000 m
2
) and the largest is 5000 hectares, which puts it among the1706

largest in the UK (Lowenberg-DeBoer et al., 2019). Respondents are comparably1707

older, with a median age of 57, compared to 40-41 years for the overall UK popula-1708

tion and mostly male (73.6% of the sample). However, the sample’s demographics1709

are relatively representative of UK farmers; 70% of UK farm holders were above1710

55 years of age and 84% were male (UK Department for Environment, Food and1711

Rural Affairs, 2022).1712
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Figure 3.4: Sampling area and respondent farm land endowment in hectares
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73% of respondents had received at least 11 years of formal education and 33.5%1713

held a university degree. 53.5% of respondents were enrolled in an ELM scheme1714

at the time of the survey. This allowed me to control for familiarity with simi-1715

lar schemes. When asked to state their own level of involvement with their local1716

farming community, only 15.9% of respondents rated their involvement as quite1717

strong or very strong. Hurley et al. (2022) identify low social capital as one barrier1718

to involve segments of the farming community in the design and uptake of ELM1719

schemes. Individuals with low social capital can be isolated from their peers and1720

government, making it less likely for their behaviour to be influenced by others.1721

Almost one fifth (18.7%) of participants in the sample rated their community in-1722

volvement as very weak compared to their peers.1723

1724

Answers to the survey lends support to the thesis presented in Hurley et al. (2022).1725

Respondents who rated their social involvement as weak were significantly less1726

likely to currently be enrolled in a Defra scheme compared with their more so-1727

cially connected peers. Figure 3.5 shows that the proportion of ELM uptake in-1728

creases with the self-rated community involvement. In addition to lower costs,1729

one advantage of the online survey is that participants can complete it at home,1730

which increases the likelihood of reaching socially isolated farmers. Still, it must1731

be assumed that some selection bias remains and that this isolated demographic is1732

under represented in the sample.1733

1734

A positive correlation between community engagement and ELM participation1735

may be interpreted as indicative of a link between social connections and pro-1736

social attitudes more broadly. ELM projects are meant to provide public goods1737

such as habitat conservation and flood management.1738



102

Figure 3.6 breaks down the distributions of expressed concern about flooding in1739

local agricultural catchments by levels of community engagement. There does not1740

appear to be a strong overall correlation, although the proportion of respondents1741

stating that they are very concerned about catchment flooding is higher in the1742

highly socially connected group.1743

1744

Table 3.1: Summary statistics

Minimum Median Mean Maximum

Age 19 57 54 91

Farm size (ha) 1.0 130.0 146.3 5,000

Farm tenure (years) 1.0 33.0 31.8 73.0

No. tracts of land 1.0 1.0 2.5 40.0

% grazing 0 23.5 39.5 100

No. farm neighbours 0 4.0 5.1 30.0

Highest education % of respondents

GCSEs (11 years) 17.6%

A-levels (13 years) 21.9%

UG Degree 27%

PG Degree 6.5%

None of the above 27%

NFM Priority % of respondents

Low 30.7%

Medium 31.6%

High 32.3%

Missing data 5.4%

ELM participation 53.5%

Sharing farm equipment 45%

Women 26.6%

Community involvement % of respondents

Very weak 18.7%

Quite weak 24.2%

About average 41.1%

Quite strong 12.7%

Very strong 3.2%
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Figure 3.5: Distribution of ELM enrolment by respondents’ community involvement rating

on a Likert scale
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Figure 3.6: Distribution of stated concern about catchment flooding by respondents’ com-

munity involvement rating on a Likert scale

3.4.1 Regional representativeness1745

Table 3.2 illustrates to what extent the surveyed farmers were representative of1746

the farming population in the region. A common theme across all regions is that1747

farms in the sample managed more land than the regional average. Respondents1748

in the North West and in Yorkshire and the Humber managed on average almost1749

twice as much land as the average farm in the region. In addition, farmers who1750

completed the survey typically owned a greater proportion of the land they man-1751

aged, compared to the population. The proportion of land used for animal grazing1752

versus cereals and other crops was however broadly representative. The cause of1753

the over-representation of large farms could not be isolated but was likely driven1754

by two factors, individually or in combination. First is a biased sampling frame1755

resulting from posting invitations to those addresses in the electoral rolls that con-1756
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tained the word farm. Some small farms may not be advertised as such. Second1757

is non-response bias arising due to the smallest farms lacking experience with1758

ELM schemes. Olsen (2009) compare outcomes from identical choice experiments1759

based on samples recruited online and via post. The authors note that inequities1760

in technology literacy and computer access may give rise to similar problems with1761

unrepresentative samples in online surveys. Olsen (2009) found that observed de-1762

mographic differences do not translate into significant differences in WTP esti-1763

mates. Resampling was not attempted due to resource constraints. However, the1764

effects of socio-economic variables are evaluated by using models that account for1765

taste heterogeneity. These are discussed in detail in section 3.6.1766

1767

Table 3.2: Sample representativeness by region

Sample mean Population mean (2022)

North East

Farm size (ha) 201 146

Land ownership (%) 67 55

Grazing (%) 45 46

Cereals (%) 19 29

North West

Farm size (ha) 160 77

Land ownership (%) 74 59

Grazing (%) 43 62

Cereals (%) 8 8

Yorkshire and the Humber

Farm size (ha) 171 93

Land ownership (%) 68 63

Grazing (%) 16 35

Cereals (%) 37 32

South East

Farm size (ha) 145 87

Land ownership (%) 82 73

Grazing (%) 30 30

Cereals (%) 25 31
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3.5 Discrete Choice Experiments1768

The review on factors affecting ELM uptake by Mamine, Minviel, et al. (2020) fo-1769

cuses on studies using hypothetical discrete choice experiments (DCEs). This is1770

a survey method in which respondents are asked to choose their preferred ELM1771

scheme from a number of options, sometimes including a status-quo alternative1772

(Johnston et al., 2017). Each scheme is associated with a set of characteristics, or1773

attributes, that differentiate it from the other options. Inference about farmers’1774

perceived costs can be drawn from observing their choices.1775

1776

Participants completed three hypothetical DCEs. The DCEs were designed using1777

HTML and CSS code and administered by PC or tablet directly following the so-1778

cioeconomic and demographic questions. The first DCE involved eight randomly1779

ordered choice tasks presenting the farmers with a hypothetical choice between1780

simple action-based payments. The aim of this DCE was to measure the marginal1781

cost of retiring land parcels of various sizes and qualities to create natural features.1782

The projects were framed to respondents as contributing to natural flood manage-1783

ment (NFM) by reducing surface run-off. The second DCE assumed a minimum1784

required amount of natural features for each farm and opens up trading in con-1785

tracts between farmers. The purpose of the second DCE was to evaluate barriers1786

to market making. First, by exploring farmers’ willingness to engage on either side1787

of the trade in ELM contracts for cash. Second, by estimating the impact of trans-1788

action costs as a barrier to trading. The third DCE introduced a voluntary bonus1789

payment contingent on collaborating with neighbour(s) to strategically connect1790

natural features across farm boundaries.1791

1792

To ensure that farmers found the hypothetical schemes to be understandable and1793

realistic (Johnston et al., 2017), they were presented so as to resemble existing1794
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schemes offered by the UK Department for Environment, Forestry and Agricul-1795

ture (Defra). The interventions included are a) planted broadleaf trees, currently1796

offered under the UK Countryside Stewardship scheme for £350 per hectare, and b)1797

natural regeneration, offered under the Countryside Stewardship scheme as arable1798

reversion to grassland for £326 per hectare (Defra, 2022).1799

Table 3.3: Countryside Stewardship Scheme capital payments

Intervention Requirements Payment

Natural Regen-

eration

• Eligible land cultivated for

at least 2 years

• Sow wild grasses and flow-

ers

• Habitat options linked

where possible

• Free advice and training

from Catchment Sensitive

Farming

£326/ha

Planted

Broadleaf

• Keep planted trees free

from competing vegeta-

tion

• Maintain fences, tree shel-

ters or spiral guards

• Replace any dead trees

• Free advice and training

from Catchment Sensitive

Farming

£350/ha

Notes: Payment criteria are subject to changes, please see Defra (2022) for updates
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3.5.1 DCE I: Individual Payment1800

DCE I was made up of eight randomly ordered choice tasks. Table 3.4 shows the1801

attributes and levels in the first choice experiment. The NFM features in the hy-1802

pothetical scheme were allowed to vary between two types: First, by increasing1803

surface roughness via natural regeneration. Second, by planted broadleaf trees.1804

Planting and maintenance of trees is more expensive than natural regeneration1805

which largely involves retiring farmland from production to rewild.1806

1807

The type attribute therefore serves as a proxy for the cost of natural feature cre-1808

ation. The effect on utility from switching from natural regeneration to planted1809

trees is therefore expected to be negative. These types of features were chosen to1810

mirror previously cited examples of natural flood management (Forbes et al., 2015)1811

which is the topic of chapter 4. At the same time, they were designed to closely1812

resemble real ELM schemes that respondents would be familiar with. This reduces1813

hypothetical bias (Johnston et al., 2017). The location attribute states where on the1814

farm the NFM features would be created, and could vary between three location1815

categories, each implying a different management cost. These were locations mid-1816

field, on the field border, and a river edge. The land quality attribute defines the1817

quality of land to be set aside for NFM features and varied between rough grazing1818

(low quality) and prime grazing or high-yield crops (high quality).1819

1820

These attributes represents variation in the opportunity cost of taking this land1821

out of production in favour of NFM, and correlated with the factor productivity1822

of agricultural land in the model. It predicts that compared to an alternative with1823

low quality land, shifting to an alternative citing high quality land will result in a1824

decline in utility. The area attribute denotes how much land is to be set aside for1825

NFM.1826
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Table 3.4: DCE I: Attributes and levels

Attribute Levels

Type: The type of natural feature Natural Regeneration, Planted Broadleaf

Trees

Location: Where the feature is placed on

the farm

1) Mid-field, 2) Field boundary, 3) River

edge

Land quality: Suitability of land for agri-

culture

1) Rough grazing, wet, steep, rocky etc.,

2) Prime grazing land or high yielding

crops

Area: Amount of land set aside 1) 1/20 hectare (500m
2
), 2) 1/10 hectare

(1000m
2
)

Payment: Annual payment £200, £300, £400, £500

3.5.2 DCE II: Trade in payment-for-NFM contracts1827

Prior to the second choice experiment respondents were given an information brief1828

which asked them to keep in mind the ELM schemes presented in DCE I. This1829

setting was now changed in two ways: First, respondents were asked to assume1830

that the policy requires that farms enrol a minimum share of their land into ELM1831

projects. Farmers are compensated for these enforced projects per the same mech-1832

anism as in the prior, voluntary scheme. Secondly, these government ELM con-1833

tracts are now tradable between farmers. The land on each farm is given a score1834

based on its potential to generate significant runoff during heavy rains. A higher1835

score means that natural flood management (NFM) is more impactful. Trading ra-1836

tios based on the relative scores between farms allow farmers of high NFM priority1837

land to take over the NFM requirements of a lower priority farm while receiving a1838

multiple of the contractual payment. This multiple is proportional to the trading1839

ratio. Similarly, low priority farms can benefit from buying out of the NFM require-1840

ment for a proportionally lower payment given its trading ratio. The information1841
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brief also included a visual guide to the tradable contracts shown here in figure 3.7.1842

1843

Figure 3.7: Stylised illustration of how farmers of high- and low risk land can benefit from

trading in natural features [referred to here as environmental zones (EZ)]

Attributes and levels for the second choice experiment are shown in table 3.5. The1844

trading ratio attribute is discrete and has three levels. In the set of six choice tasks,1845

the trading ratios are greater than 1: 5 (the respondent can set aside one fifth of1846

the stipulated area taken over from the low risk farm for the full payment), 101847

(one tenth of the stipulated area) and 20 (one twentieth of the stipulated area).1848

The transaction fee has two levels and varies between 5% and 10% of the total pay-1849

ment and is paid by the respondent. The base payment attribute works in the same1850

way as in DCE I. However, the choice cards also show respondents the per-hectare1851

payment they can receive given the trading ratio, which is the base payment mul-1852
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tiplied by the ratio. I guide the reader through an example below:1853

1854

Willingness-to-accept (WTA) example: A respondent (called farmerA) is asked1855

to imagine a hypothetical scenario where they are required to create NFM feature1856

on in total one (1) hectare of agricultural land. In return, they receive a £2,000 per1857

year payment from the government, intended to compensate for lost agricultural1858

output, NFM creation, fencing, maintenance, etc. In this example, A is farming1859

land classed as high risk due to the runoff generation potential at the site. A may1860

take over the 1 hectare NFM obligation of another farmer, B via the trading mar-1861

ket. However, because A’s land is ten times as suited to NFM projects compared1862

to B’s land, A may take over B’s obligation at a trading ratio of 10. This means that1863

A will receive in total £4,000 per year in exchange for creating NFM features on1864

1.1 hectares. This area results from adding one tenth of B’s 1 hectare obligation1865

to A’s original 1 hectare obligation. Due to the runoff generation potential which1866

is ten times higher on A’s land, the risk reduction after trading is equivalent to A1867

and B creating one hectare of NFM each. To arrange the trade, A is also required1868

to pay a percentage fee on the value of the trade. In this case, a 5% transaction fee1869

adds a one-time £100 cost.1870

1871

This WTA (payment in exchange for additional NFM obligations) scenario is fol-1872

lowed by a ‘willingness-to-pay’ (WTP) scenario. Here, respondents were asked to1873

put themselves in the position of a farmer buying themselves out of their NFM1874

obligation. In practice, this involves relinquishing in full or in part their govern-1875

ment payment for NFM. In these choice tasks, available trading ratios are set to1876

less than 1: 1/5, 1/10, and 1/20. This means that their trading counterparty needs to1877

set aside proportionally less land when assuming their NFM obligation. It was ex-1878

plained to respondents that a smaller trading ratio would incentivise other farmers1879
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to assume their NFM obligation.1880

1881

Willingness-to-pay (WTP) example: Respondents are asked to imagine a hypo-1882

thetical scenario where they (farmer A) are required to create in total one hectare1883

of NFM in exchange for £2,000 per year as described in the previous example. A1884

has the choice to buy out of their NFM obligations by transferring the government1885

payment to another farmer, B, who manages land more suited to NFM. In the case1886

of a 1/10 trading ratio, A receives no money from the government but does no longer1887

have to create any NFM. B has to create additional NFM proportional to the trad-1888

ing ratio, i.e. one tenth of the nominal one hectare amount. To arrange the trade,1889

A is also required to pay a percentage fee on the value of the trade. In this case, a1890

5% transaction fee adds a one-time £100 cost.1891

1892

Table 3.5: DCE II: Attributes and levels

Attribute Levels

Trading ratio (WTA, r): The factor by which respondents

can increase their per-hectare payment for NFM by trading

5, 10, 20

Trading ratio (WTP, 1/r): The ratio by which the respondent

can reduce their expected per-hectare cost to get out of their

NFM obligations by trading

1/5, 1/10, 1/20

Transaction fee: A percentage of the base payment borne

by the respondent

5%, 10%

Payment: Annual payment, received in the WTA setting

and paid in the WTP setting

£200, £300, £400, £500
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3.5.3 DCE III: Voluntary coordination bonus1893

Respondents were presented with a short information brief describing the scheme1894

aimed at creating natural habitats, explaining how improving connectivity can1895

provide ecosystem services. The projects on offer remained retiring land for natu-1896

ral regeneration and planting broadleaved flowering trees. Participants in this hy-1897

pothetical scheme received an annual payment for every 100 meters of ecological1898

corridors placed to connect natural features. The annual payments on offer ranged1899

between £200 to £500 per 100 meters of corridor created. Further, participants re-1900

ceived an additional one-off bonus payment for coordinating with a neighbouring1901

farm to connect features across their combined land. The bonus scales linearly1902

with the number of neighbours and is allocated equally between them. The one-1903

time coordination bonus ranges between £100 and £400 per neighbour the respon-1904

dent connects natural features with. If the respondent does not coordinate with1905

anyone, the bonus payment is always zero. If they coordinate with at least one1906

neighbour, the payment to each coordinating farmer is multiplied by their total1907

number (including the respondent). This is done to compensate participants for1908

the added coordination costs of connecting features. The hypothetical contracts1909

specify a minimum required width for the corridors of either 10 or 20 meters. At-1910

tributes and levels are summarised in table 3.6.1911

1912

3.6 Choice modelling1913

The theoretical foundation for DCEs is hedonic consumer theory (Lancaster, 1966),1914

in which goods or services can be broken down into attributes, each contributing1915

differently to an individual’s utility from consuming that good or service. The re-1916

spondent’s choices are assumed to be determined by their trade-offs between the1917
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Table 3.6: Discrete choice attributes and levels

Attribute Levels

Type: The corridor feature Natural Regeneration,

Planted Broadleaf Trees

Width: The required width of corridors 10 meters, 20 meters

Coordination: The number of connected farms None, One, Two

Bonus: One-time bonus payment per connected

farm

£100, £200, £300, £400

Payment: Annual payment per 100m of corridor £200, £300, £400, £500

attributes, and the respondent is expected to choose the alternative that maximises1918

their net utility. By modelling a farmers’ utility as a function of e.g. payment, lo-1919

cation and contract duration, researchers can understand the contribution of each1920

attribute to the likelihood of uptake. Specifically, the ability to estimate the value1921

of attributes at the margin and the possibility of testing for internal consistency
1

1922

(Hanley et al., 1998; Holmes & Adamowicz, 2003) are presented as key advantages1923

of DCEs.1924

3.6.1 Random utility foundations: Multinomial logit1925

Sampled farmers (q = 1, ..., Q) can choose between J discrete alternatives. Each1926

choice is characterised by a set of attributes (k = 1, ..., K) that are assumed to1927

influence respondents’ utility. In this case, farmers were asked to choose from1928

among two hypothetical schemes and one opt-out alternative. Alternatives in a1929

choice task are distinguished by the levels of their respective attributes (Welling1930

et al., 2022). The indirect utility farmer q derives from the scheme in alternative j1931

in choice task t is expressed as follows:1932

1
For example, DCEs can be designed to test that respondents display consistent preferences

across multiple choice tasks.
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Uqjt = β′xqjt + ϵqjt (3.1)

where xqjt denotes the attributes of NFM scheme in this case, and β is a vec-1933

tor of parameters associated with attributes representing the respondents’ taste1934

variation. The error term of the utility function ε follows an independently and1935

identically distributed type I extreme value distribution (McFadden, 1974; Scarpa1936

et al., 2008). In theory, β describes how an attribute k contributes to the farmer’s1937

utility and its sign tells us whether an increase in a continuous attribute or a shift1938

from a categorical baseline increases or decreases utility for farmer q. Under i.i.d.1939

assumptions, the closed-form expression for the probability that farmer q chooses1940

alternative i in choice task t is given by:1941

Pqit =
exp (β′xqjt)∑

j∈Cq
exp (β′xqjt)

(3.2)

where Cq denotes the choice set available to individual q. The above specification1942

is known as the multinomial logit (MNL) and has important limitations. First, the1943

independence of irrelevant alternatives property implies that the relative odds of1944

choosing between two alternatives are unaffected by the presence or attributes of1945

other alternatives (Hausman & McFadden, 1984). The inclusion of an opt-out alter-1946

native illustrates the challenge: If in a binary choice, farmers have equal probability1947

of choosing an NFM scheme (50%) and to opt-out (50%), IIA implies that the odds1948

(0.5/0.5 = 1) must be maintained if a second NFM scheme is offered. Assume that1949

the additional scheme is so similar to the original that they are equally likely to be1950

chosen. In such a case, the only way to maintain the original odds of opting for1951

scheme A versus scheme B would be if A is chosen with a probability 1/3, B with1952

probability 1/3, and the opt-out alternative with probability 1/3 (McFadden, 1974).1953

1954
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A consequence is that the regulator could theoretically increase NFM uptake to1955

100% simply by offering more marginally differentiated schemes. In reality, stud-1956

ies have shown that some farmers would habitually opt out, if given the choice1957

(Hurley et al., 2022). Secondly, the MNL assumes that all individuals share the1958

same parameter vector β, which may be unrealistic when preferences vary sys-1959

tematically across the population. For example, Hurley et al., 2022; Kenyon, 20071960

characterise some farmers as hard-to-reach or low-trust.1961

3.6.2 Directional hypothesis testing by farmer segments: La-1962

tent classes1963

To address unobserved preference heterogeneity, the latent class model (LC) pro-1964

vides a flexible extension of the MNL framework. The key idea is that the popula-1965

tion is segmented into a finite number of classes (or segments), each characterised1966

by its own parameter vector. Individuals are not directly observed to belong to a1967

particular class; instead, class membership is treated as a latent (unobserved) vari-1968

able. Formally, suppose there are S latent classes. For an individual q in class s,1969

the choice probability of selecting alternative i in task t follows an MNL structure:1970

Pqit|s =
exp (β′

sxqit)∑
j∈Cq

exp (β′
sxqjt)

(3.3)

Instead of assuming a uniform preference structure across all respondents, LCMs1971

allow for variation in preferences by segmenting farmers into different latent classes1972

based on their responses (Greene & Hensher, 2003). This approach helps to identify1973

and understand the different farmer segments that may exhibit diverse decision-1974

making patterns, which can be helpful for designing targeted policy interventions1975

(Tyllianakis et al., 2023). The probability πq,s of individual q belonging to class s is1976

defined as:1977
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πq,s = eδs+g(γs,zs)/
S∑
l ̸=s

eδl+g(γl,zl)
(3.4)

where the class allocation parameters δ and γ for one class are set to zero (Greene1978

& Hensher, 2003; Hess & Palma, 2019). The latent class estimations allow parame-1979

ter estimates to vary among the (latent) classes, thus accounting for heterogeneous1980

preferences among respondents. Following earlier research applying DCEs to eval-1981

uate ELM schemes in the UK (Garrod et al., 2012; Ruto & Garrod, 2009; Tyllianakis1982

et al., 2023), latent class models were estimated to test hypotheses in chapters 4 and1983

5 that suppose an inequality. The models were therefore estimated in preference1984

space, as specified above. The taste parameter for attribute k, βk was interpreted as1985

the shift in probability of alternative j associated with a shift in k. Posterior class1986

probabilities were recovered for each respondent that indicate their likelihood of1987

belonging to each class.1988

3.6.3 Willingness-to-accept distributions: Mixed logit1989

A key objective of the chapter was to obtain cost estimates for the hypothetical1990

NFM schemes. Such estimates may guide policymakers towards schemes that de-1991

liver environmental outcomes cost-effectively. To make realistic predictions about1992

farmer uptake for a given hypothetical scheme, it is helpful to show the estimated1993

cost as a distribution over the sample. Distributions with a long upper tail caution1994

that a portion of farmers will not be reached with any realistic payment. The mixed1995

logit generalises the MNL by allowing random taste variation across individuals1996

and relaxing the IIA assumption. Utility is specified as:1997

Uqjt = β′
qxqjt + ϵqjt (3.5)

where βs is the vector of individual-specific taste parameters for respondent q.1998
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Since β varies across individuals, the mixed logit probability integrates over the1999

distribution of β, θ:2000

Pqit =

∫
exp(β′xqit)

exp(β′xqjt)
f(β|θ)dβ (3.6)

If the compensation farmers receive for participating in a scheme is π, the taste pa-2001

rameter associated with the payment attribute is βπ. Respondent q’s willingness-2002

to-accept a shift in attribute k can be expressed as the ratio between βk and βπ2003

(Scarpa et al., 2008; Train & Weeks, 2005; Welling et al., 2022). The WTA estimate2004

is assigned the opposite sign of the taste parameter βk because a greater payment2005

is needed for farmers to tolerate greater dis-utility from shifts in k2
.2006

WTA = − βk

βπ
(3.7)

For these reasons two models were used for each of the three DCEs. First, a la-2007

tent class model was estimated. These estimates were used to identify discrete2008

preference heterogeneity within the farmer sample. Taste parameters estimated2009

the latent class models were also used to test hypotheses that posited inequali-2010

ties. Second, a mixed logit model with individual-specific taste parameters was2011

estimated in willingness-to-pay space. This was done to identify the distribution2012

of monetary values associated with each scheme. These values were used con-2013

duct cost-effectiveness analyses of the hypothetical schemes in terms of flood risk2014

reduction (4) and pollination services (5).2015

2
The subscript k differentiates the taste parameters in a mixed multinomial logit model βk from

the Cobb-Douglas output elasticity for agricultural land β.
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3.7 DCE design and power analysis2016

Once DCE attributes and levels have been decided, the choice tasks were finalised.2017

This process is known as the DCE design and involves the pairing of alternatives2018

into choice tasks in such a way that the information they reveal about respondents’2019

preferences is maximised (Rose et al., 2008). To intuitively see the importance of2020

DCE design, imagine a choice between two ELM schemes that are identical but for2021

the payment attribute. In this choice, the respondent does not need to consider2022

any other attribute but the base payment, which clearly has a positive parame-2023

ter. In other words, a rational respondent will always choose the higher paying2024

alternative in such a choice task. Observing this choice adds nothing to the infor-2025

mation about the value of other attributes, such as the area of land to retire or the2026

land quality. The number of choices that can be observed is limited by the ability2027

to recruit DCE participants and the number of choice tasks respondents can typi-2028

cally complete before experiencing fatigue, at which point some respondents may2029

exhibit inconsistent preferences (Campbell et al., 2015). It is therefore important2030

to derive the most information from the available observations.2031

2032

The metric to compare the information yielded from different designs is called2033

efficiency. An experimental design is more efficient than another design if it pro-2034

duces data that enables estimation of parameters with lower standard errors. The2035

information yield of a given design can be estimated given assumptions about re-2036

spondents’ tastes.2037

2038

Recall from equation (3.2) that the likelihood of choosing a given alternative de-2039

pends on the ratio of the utility derived from that alternative over the utilities de-2040

rived from remaining alternatives. Taking the second derivate of the log-likelihood2041

with respect to the taste parameters multiplied by the number of respondents Q2042
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produces the Fisher information matrix (Rose et al., 2008):2043

I(β) = Q× ∂2L(β)

∂β∂β′ (3.8)

The Fisher matrix is also known as the curvature matrix because its values are2044

largest at the point of maximum curvature, or the peak, of the log-likelihood func-2045

tion. This is the vector of attribute-specific taste parameters βk where the like-2046

lihood of observing the choice in the data is optimised. The Fisher matrix is of2047

further econometric importance as its inverse is the asymptotic variance covari-2048

ance (AVC) matrix, including the scaling of 1/Q. This means that the impact of2049

sample size Q on the design can readily be investigated. The asymptotic standard2050

errors are the roots of the diagonal of the AVC matrix, therefore these standard2051

errors decrease with a rate of 1/
√
Q of the sample size.2052

2053

The efficiencies of different designs were compared by plotting the standard er-2054

rors as a function of the sample size. I chose the design that achieved the smallest2055

standard errors at a given sample size. Two so-called D-efficient designs were com-2056

pared, where the determinant of the AVC matrix was minimised by drawing taste2057

parameters βk from a distribution. One was a naive Bayesian D-efficient design2058

where the parameters are drawn from normal distributions centered around a prior2059

of zero. It is called naive because setting priors to zero means that no assumptions2060

are made about the taste parameters. The second was a uniform D-efficient de-2061

sign where priors were drawn from uniform distributions that are either positive2062

or negative given my assumptions about the directionality of the taste parame-2063

ters (ChoiceMetrics, 2012). Chosen cutoffs for the assumed uniform distributions2064

of each parameter across DCE I and DCE II are displayed in table 3.7, based on2065

economic intuition as well as previous research featuring similar attributes (Tyl-2066

lianakis et al., 2023). The economic rationale for the limits is discussed further in2067
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section 4.3 of chapter 4. The assumed distribution limits for DCE III are similarly2068

displayed in table 3.8. The economic rationale for these distributions is discussed2069

further in section 5.3 of chapter 5. All choice cards were designed using the Ngene2070

software (ChoiceMetrics, 2012).2071

Table 3.7: DCE I & II: Uniform distributions for taste parameters

Taste parameter Motivation Distribution

Limiyd

Natural regeneration Preferred to planted trees due to

shorter time horizons and lower

costs

0.01− 0.5

Field edge placement Preferred to in-field placement

due to

less disruption to production 0.01− 0.5
River edge placement Preferred to in-field placement

due to

less disruption to production 0.51− 0.1
Low-quality land Preferred to high-quality land

due to

lower opportunity cost of creat-

ing NFM

0.01− 0.5

500m2
for NFM Preferred to 1000m2

NFM due to

lower costs

0.01− 0.5

10:1 trading ratio Preferred to a 5:1 ratio due to a

smaller

additional NFM obligation when

trading

0.01− 0.25

20:1 trading ratio Preferred to a 5:1 ratio due to a

smaller

additional NFM obligation when

trading

0.251− 0.5

5% transaction fee Preferred to a 10% fee due to

cost-minimisation

0.01− 0.5

Payment (WTA) Strictly positive due to cost-

minimisation

0.01− 0.5

Payment (WTP) Strictly negative due to cost-

minimisation

−0.5 to −0.01
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Table 3.8: DCE III: Uniform distributions for taste parameters

Taste parameter Motivation Distribution

Limits

Natural regeneration Preferred to planted trees due to

shorter time horizons and lower

costs

0.01− 0.5

10 meter corridor width Preferred to a 20 meter width due

to less disruption to productive

land

0.01− 0.5

No collaboration Preferred to collaboration with

two neighbours due to zero co-

ordination costs

0.251− 0.5

Collaboration (n = 1) Preferred to collaboration with

two neighbours due to lower co-

ordination costs

0.01− 0.25

Coordination bonus Strictly positive due to cost-

minimisation

0.01− 0.5

Payment per 100 meters Strictly positive due to cost-

minimisation

0.01− 0.5

The efficiency of the DCE designs is directly linked to the minimum sample size2072

required to produce statistically reliable results. The more information that can be2073

recovered about respondents’ tastes using a particular design, the fewer choices2074

need to be observed to achieve narrow standard errors. de Bekker-Grob et al. (2015)2075

have proposed a commonly used rule of thumb for estimating the required sam-2076

ple size for accurate taste parameter estimates. This rule of thumb is shown in2077

equation (3.9) below:2078

N >

(
(z1−B + z1−A) ·

√
Ω

β̂

)2

(3.9)

whereN is the required sample size for the DCE. z1−B is the z-score corresponding2079

to the statistical power (1−B), which reflects the probability of correctly reject the2080

null hypothesis, while z1−A corresponds to the significance level, the probability2081
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of a false positive. Ω is the AVC matrix and β̂ is the priors for the taste parameters.2082

A comparison of designs for DCE I is shown in figure 3.8 and another example for2083

DCE III is displayed in figure 3.9. For every taste parameter and across designs,2084

observe how the required sample size increases as higher cut-offs for statistical2085

significance, α, are enforced. The dashed lines intersect the required sample sizes2086

at the 5% and 1% significance levels, respectively. There was negligible difference2087

between the naive and the uniform parameter samples, the standard errors dimin-2088

ish sharply after about 100 observations. I proceeded with the uniform design, as2089

it requires no assumption about the standard deviation of the distributions and2090

there is prior evidence about the expected signs of attributes from previous stud-2091

ies. These results indicate that the sample of 494 is very likely to yield informative2092

estimates for each DCE.2093
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Figure 3.8: The increase in required sample size as we enforce a lower probability of in-

correctly rejecting the null hypothesis, illustrated across three different designs, including a)

randomly sampled choice tasks from a factorial design, b) parameters drawn from a normal

distribution all with naive means of zero and c) drawn from uniform distributions of signs

motivated by theory. In each case, the number of choice tasks is eight.
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Figure 3.9: The increase in required sample size as we enforce a lower probability of in-

correctly rejecting the null hypothesis, illustrated across three different designs, including a)

randomly sampled choice tasks from a factorial design, b) parameters drawn from a normal

distribution all with naive means of zero and c) drawn from uniform distributions of signs

motivated by theory. In each case, the number of choice tasks is eight.
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3.8 Identifying serial non-participants2094

Serial non-participants are those who always choose the opt-out alternative, and2095

can be divided into two types; protesters and very high compensation require-2096

ments. Protesters are respondents who, for whatever reason, disagree with the2097

idea of ELM schemes or environmental protection or with the hypothetical ex-2098

ercise of a discrete choice experiment. The latter are respondents who demand2099

compensation higher than ever offered within the choice experiment. Under ra-2100

tionality assumptions, all farmers would be expected to participate in the scheme2101

if the compensation is sufficiently high. However, not all land managers may be2102

entirely driven by profit maximisation and non-profit-based motives (which can2103

reflect self-interest or not) can have an important impact on a land manager’s de-2104

cision making. Protesters should be considered to be out of the market and should2105

therefore be omitted from the analysis used to derive WTA estimates (Villanueva2106

et al., 2017). Table 3.9 shows how the serial non-respondents differ from those who2107

choose an ELM contract in at least one choice task across DCEs I through III.2108

2109

Table 3.9: Predictor averages by choice type

Contract A Contract B Opt-Out Serial Opt-out

Age 54.7 54.6 55.8 57.7

Farm Size (ha) 176.6 174.4 173.7 169.3

% Female 25.0 25.3 26.3 22.5

% Poll. Dependence 43.5 41.6 32.6 35.0

% Primary Income 75.3 76.9 81.9 75.0

% ELM Uptake 60.2 58.9 56.2 37.5

Response Time (s) 18.7 18.9 20.6 9.2

The strongest predictors of serial non-participation are current ELM participation2110

(37.5% of serial non-participants versus 56-60% for all other choices) and response2111
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times, i.e. for how long the respondent takes to make their choice. Serial non-2112

participants move on considerably quicker, after only 9.2 seconds on average com-2113

pared with ca 20 seconds for others. In total there are 34 serial non-responders,2114

or 7.9% of the full sample. Serial non-participants who are currently enrolled in2115

a real ELM scheme should likely not be regarded as protesters when it comes to2116

ELM schemes as such, as current Defra schemes are voluntary (Defra, 2022). How-2117

ever, they may still protest the concept of making hypothetical choices itself. This2118

is supported by the considerably shorter response times, indicating that these re-2119

spondents do not consider each option as carefully as other respondents. Respon-2120

dents who chose the opt-out alternative 100% of the time were excluded from the2121

analysis. Latent class analysis was used to identify the respondents with merely a2122

high propensity of opting out (Burton & Rigby, 2009).2123

3.9 Limitations2124

Although DCEs are widely used in research on ELM schemes due to a dearth of2125

data on farmers’ revealed preferences from past schemes (Mamine, Minviel, et al.,2126

2020), evidence from DCEs should be used cautiously when implementing policy2127

in different environments/populations (Hanley et al., 1998). Much of the concern2128

revolves around the hypothetical nature of the choice, where respondents are not2129

committing to participate in a real scheme (Johnston et al., 2017). The deviation2130

in welfare estimates due to the hypothetical nature of the experiment is known as2131

hypothetical bias (Haghani et al., 2021). Although hypothetical bias is an inherent2132

limitation of all stated preference methods, a number of steps were taken to min-2133

imise its impact.2134

2135

One source of hypothetical bias is unfamiliarity. Good DCE practice demands that2136
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choice attributes enter into the respondents’ utility function (Carson & Groves,2137

2007). This can be achieved by making sure that choices are easily understood and2138

that choice attributes are relevant, based on evidence from previous studies, cur-2139

rent schemes, or a pilot survey (Johnston et al., 2017). The hypothetical scheme2140

presented in DCE I was modelled after payments currently available to farmer un-2141

der the Countryside Stewardship scheme (Defra, 2022). The majority of farmers2142

participating in the DCE were enrolled in similar ELM schemes during the sur-2143

veying period. Similar efforts were taken to ensure respondents’ familiarity with2144

the scheme in DCE III. Although past decades have seen only limited support for2145

collaboration within UK ELM schemes (Jones et al., 2023), ideas are increasingly2146

disseminated from government to the farming community. An example is the Nat-2147

ural England Facilitation Fund which finances farmer clusters working towards2148

environmental goals with a facilitator (Dewally et al., 2025).2149

2150

DCE II was judged to be particularly difficult for respondents to understand. This2151

was because a) current UK ELM schemes do not support trade in contracts, b) trad-2152

ing ratios require a degree of numeracy to interpret properly (fractions), and c) the2153

DCE involved scenarios where the respondent was on either side of the hypothet-2154

ical trade. Efforts were taken to deal with these limitations in two ways: At the2155

survey design stage, illustrations were added to the information brief preceding the2156

DCE to add a visual explainer. Additional strategies to identify respondents who2157

misunderstood the options were deployed ex-post in the estimation stage. All three2158

DCEs were analysed using a latent class model which can identify heterogeneous2159

preferences across classes of respondents. Overwhelming choice complexity may2160

cause farmers to optimise only for the payment or default to the opt-out alternative2161

(Adamowicz et al., 2014; Zhang & Adamowicz, 2011). Latent class estimates were2162

used to separate these effects. Responses to strictly dominant alternatives (those2163
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where every attribute is more attractive than others in the same choice task) were2164

analysed to identify respondents who made ”irrational” choices.2165

2166

Another source of hypothetical bias is consequentiality (Vossler et al., 2012). Stated2167

preferences are less informative if the respondent a) does not believe that the2168

ELM schemes would bring environmental benefits (output consequentiality (Cza-2169

jkowski et al., 2021)), or b) does not believe that their responses would have any2170

influence over actual ELM schemes (survey consequentiality (Liu & Tian, 2021)).2171

The evidence on the impact of consequentiality for WTA estimates to provide pub-2172

lic goods is inconclusive, with study settings most similar to this one (farmers’2173

WTA to produce environmental goods) finding an insignificant effect in one case2174

(Granado-Diaz et al., 2024) and significantly biased WTA estimates (38% higher) in2175

another (Villanueva et al., 2025). Recent work has suggested that full-time farmers2176

who own their land are more likely to perceive the survey as consequential and the2177

authors attribute this finding to familiarity with ELM schemes (Villanueva et al.,2178

2025). These characteristics are controlled for in the econometric modelling.2179
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Chapter 42180

Analysis of a hypothetical water2181

runoff permit market with spatial2182

targeting2183
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4.1 Introduction2184

Several success stories can be found among real-world experiments with tradable2185

emissions permits, for example in terms of air quality (Shapiro & Walker, 2018)2186

and public health (Chay & Greenstone, 2003b), and includes schemes such as the2187

US federal Acid Rain Program and the EU Emissions Trading Scheme. However, a2188

large literature is devoted to the numerous ways a cap-and-trade system can theo-2189

retically fail to achieve optimal effectiveness, including transaction costs (Stavins,2190

1995) and heterogeneous damages (Fowlie & Muller, 2019; Montgomery, 1972).2191

Where there are no transaction costs and the marginal damage per unit of pollutant2192

is uniform across sources, Xepapadeas et al. (1997) shows that the social welfare-2193

maximising regulator allocates initial allowances such that the market price for2194

permits equals the marginal damage from pollution.2195

2196

However, as early as the 1970s, Montgomery (1972) demonstrated that when the2197

marginal damages from pollution differ between sources, uniform (or one-for-one)2198

trading will not achieve the social optimum. Uniform trading means that all pol-2199

luting firms face the same market price for permits. Differences in geography,2200

demographics, and vulnerable ecosystems may cause marginal damages to dif-2201

fer across sources (Fowlie et al., 2012). In addition, moral hazard may necessitate2202

stronger abatement incentives in some geographies than in others. In an experi-2203

ment aimed at evaluating the causal effect of CAIR, a legally contentious US cap-2204

and-trade program for SO2 emissions, Leppert (2023) found that sources exporting2205

pollutants outside the state where they are regulated responded less to a reduction2206

in the cap. In China, Cai et al. (2016) similarly find that provincial governments2207

enforce river pollution reduction mandates less forcefully in counties directly up-2208

stream of the provincial border, as water-borne pollution damages are transported2209

to downstream provinces.2210
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2211

This research studies another externality where geographic differences are pro-2212

nounced and important for policy design.Agricultural land use has been shown2213

to affect flooding. Farmland runoff and subsurface drainage may act as pathways,2214

causing flooding in downstream receptor areas (Posthumus et al., 2008). Emphasis2215

has therefore been placed on natural flood management (NFM) as an adaptation2216

method, defined as ‘...the alteration, restoration or use of landscape features to re-2217

duce flood risk’. NFM is a potential benefit from environmental land management2218

(ELM) schemes, where the government pays farmers to manage their land in spe-2219

cific ways. ELM schemes providing NFM involves an economic cost to farmers2220

who may no longer use certain land for crops or grazing, which increases with the2221

agricultural value of retired land.2222

2223

Qualitative work carried out in Scotland by Holstead et al. (2017) suggests that2224

appropriate long-term financial incentives are needed to increase uptake of ELM2225

schemes. Incentives must be administratively simple and be joined up with other2226

farm payments. Trading ratios have been proposed as a policy approach to ge-2227

ographically heterogeneous damages and incentives (Holland & Yates, 2015). In2228

such a scheme an exchange rate is applied to the permit market such that the price2229

faced by a source reflects its relative marginal contribution to the externality.2230

2231

Theoretical findings in Fowlie and Muller (2019) comparing trading ratios to un-2232

differentiated cap-and-trade show an average welfare gain from differentiation,2233

although there is a welfare loss when marginal abatement costs are underesti-2234

mated. In a cap-and-trade scheme, demand for permits will be higher among firms2235

facing comparatively high marginal abatement costs. With undifferentiated trad-2236

ing, these firms will pollute more at every permit price the market decides. If2237
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these sources are also generating higher damages, spatial targeting may produce2238

very high costs. Trading ratios are therefore suitable in settings where marginal2239

damages and abatement costs are not strongly correlated. Runoff generation from2240

agricultural land use causing flooding and diffused pollution is one such setting2241

where the externality is mainly produced at higher altitudes while the abatement2242

cost is higher at the more productive lower altitudes (Forbes et al., 2015).2243

2244

Few empirical studies of real-world spatially differentiated permit markets so far2245

exist (Holland & Yates, 2015), making the type of observational quasi-experimental2246

policy evaluation from Leppert (2023) and Fowlie et al. (2012) difficult. Discrete2247

choice experiments (DCE) featuring hypothetical schemes have been widely used2248

to estimate likely costs and benefits when observational data is not available (Hoyos,2249

2010). I run two DCEs with 494 English farmers. The first experiment elicits pref-2250

erences for an action-based payment for spatially targeted NFM interventions, in-2251

tended to reduce flood risk. These were deliberately designed to resemble ELM2252

schemes currently available via the UK Department of Environment, Food and Ru-2253

ral Affairs (Defra). The second experiment features a variation of the first where2254

trading and trading ratios are introduced.2255

2256

This is the first study of trading ratios applied to a market for NFM provision. A2257

potential barrier to farmer participation in a market for NFM contracts is transac-2258

tion costs. Compared to ELM schemes currently offered in the UK, tradable con-2259

tracts would add costs by matching ’buyers’ and ’sellers’, communicating relative2260

trading ratios, and facilitating transactions. Schmalensee and Stavins (2013) and2261

Schmalensee and Stavins (2017) do not find transaction costs to be a significant bar-2262

rier in emission permit markets. These results may not translate to a hypothetical2263

market in NFM contracts. British farming is a low-margin sector and transaction2264
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costs have been identified as a barrier even in bilateral agreements between farm-2265

ers and Defra (Peterson et al., 2015). This chapter uses DCEs to isolate transaction2266

costs in a hypothetical market for spatially targeted NFM. The transaction costs2267

associated with trading may be evaluated in context of the perceived fairness com-2268

pared to a spatially targeted scheme where payments are offered only to farms in2269

NFM priority areas. This is relevant because UK farmers are aware that runoff2270

generation is not driven by practices on individual farms (Holstead et al., 2017).2271

Farmers have shown high endorsement in principle of higher pay for greater ef-2272

fort, rather than external circumstances (Loft et al., 2020) and perceived inequity2273

can threaten participation. Using a hypothetical DCE I present support for cost-2274

savings from trading that are robust to transaction costs up to 10 percent.2275

2276

The rest of the chapter proceeds as follows: The background section provides a2277

review of the current state of knowledge on NFM and of the relevant case stud-2278

ies from the UK. The theory section presents a model of a spatially differenti-2279

ated market in payment-for-NFM contracts and explore how a trading ratio ap-2280

plied to the farm should affect the demand for contracts. The following section2281

on methodology describes the econometric specification to test the hypotheses2282

that follow from the model. Next, the reader is introduced to the theory behind2283

SCIMAP-Flood, a geophysical model of surface runoff which is used to identify2284

priority areas for NFM. I integrate results from SCIMAP-Flood with the choice2285

experiment to demonstrate the benefit from trading. Finally I present the results2286

and discuss their relevance for future DCE studies.2287
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4.2 Background2288

Floods are among the most economically costly natural hazards in the UK, caus-2289

ing significant damage to property, infrastructure and local livelihoods. For 2020,2290

the Association of British Insurers reports £817 million in flood-related losses for2291

the UK alone (Bates et al., 2023). Flooding is a natural process, but floodplains2292

are also ideal for agriculture and urban development close to water resources and2293

navigation. Consequently, development in floodplains has increased the exposure2294

of people, property and infrastructure to floods. In many cases it is not practical,2295

cost effective or politically feasible to relocate communities, property and eco-2296

nomic activities away from areas prone to flooding, so measures are put in place2297

to manage flood risk by reducing the probability of inundation and/or the negative2298

consequences when a flood does occur (Posthumus et al., 2008).2299

4.2.1 Natural Flood Management2300

Natural flood management (NFM) seeks to restore or enhance catchment processes2301

that have been affected by human intervention. These activities aim to reduce2302

flood hazard, while also sustaining or enhancing other potentially significant co-2303

benefits including enhanced ecosystem services (aquatic, riparian and terrestrial)2304

such as greater biodiversity, improved soil and water quality (Wingfield et al.,2305

2019). Floods can be categorised into different types, including fluvial (caused by2306

an overflowing river), pluvial (caused by extreme rainfall independent from a body2307

of water) or coastal. These are often analysed in isolation, where in reality, they2308

may act in combination. This, along with the complexity of flood risk modelling2309

and relative infrequency of significant flood events, has contributed to a lack of2310

data and conclusive evidence on the efficacy of various natural flood management2311

schemes (Dadson et al., 2017).2312
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2313

Dadson et al. (2017) review and summarise the evidence to date on NFM in the UK.2314

They focus on projects in river catchment meant to reduce fluvial flooding. At spa-2315

tial scales less than 20 km
2

they find evidence of an effect from land use on flood2316

flows, including a reduction from upland forestry compared to a grassland base-2317

line. Both arable and livestock agriculture have been shown to increase surface2318

runoff at local scales. Two experiments with tree-planted plots reduced runoff by2319

48% and 78% respectively compared to grazed controls, although there was a high2320

degree of variability between sites. Wingfield et al. (2019) echo the conclusion of2321

Dadson et al. (2017) that catchment-scale evidence on NFM effectiveness is limited.2322

2323

The high-level evidence base presented to policymakers by subject experts empha-2324

sise the variability of these types of NFM projects in terms of cost and effectiveness2325

(Wilkinson et al., 2019). As shown in Table 4.1, NFM measures vary in land use re-2326

quirements, engineering requirements, and cost. It is also important to choose the2327

appropriate measure for the type of land in question (Forbes et al., 2015). The suit-2328

ability of a site for the implementation of natural flood risk mitigation measures is2329

determined by the travel time of the flood waters to the point of impact, the spa-2330

tial pattern of rainfall depth, the effectiveness of the land cover in generating rapid2331

flood flows (overland, drains and near surface flows) and the strength the of the2332

hydrological connectivity from the landscape to the river channels (Reaney, 2022).2333

Literature review by Dadson et al. (2017), heavily biased towards tree-planting, also2334

finds that while typical NFM projects show effectiveness during small and moder-2335

ate floods, flows were not reduced significantly during the worst flood events.2336

2337

There is considerable geographic variability in the effectiveness of NFM. The UK2338

environment agency has published digital maps (Environment Agency, 2021) to2339
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assist the prioritisation of NFM or land management changes with the aim of slow-2340

ing water flows and reduce the flood risk. They have been specifically created to2341

contribute to the spatial prioritisation of catchments within the pilot Local Nature2342

Recovery and Landscape Recovery land management schemes for NFM interven-2343

tions (Broadmeadow et al., 2023), but also within the other grant awarding schemes2344

such as the England Woodland Creation scheme and the England Peatland restora-2345

tion scheme. The NFM priority map of the sampling area in the north of England2346

is shown in figure 4.1. It shows that there is a considerable concentration of high2347

NFM priority areas across the region. In total, 21, 000 km
2

are classed as high-risk,2348

16, 500 km
2

as medium risk, and 14, 000 km
2

as low risk.2349

2350

By high risk, Environment Agency (2021) refers to land where NFM projects can2351

have the greatest impact in terms of flood reduction. From here on out, ”High-risk”2352

land should therefore not be interpreted as facing a higher likelihood of being2353

flooded. Instead, the term refers to land which has a high potential to generate2354

surface run-off and contribute to flooding in surrounding lowlands. By altering the2355

land use in these areas, the risk of flooding in the river catchment can be reduced2356

(Reaney, 2022).2357
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Figure 4.1: Spatial prioritisation of catchments suitable for using Natural Flood Manage-

ment in the north of England (Environment Agency, 2021). Dark gray areas signify missing

data.
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In summary, recent reviews and technical briefs highlight uncertainty around spa-2358

tial and flow variability (Dadson et al., 2017; Forbes et al., 2015; Wilkinson et al.,2359

2019) and cost-effectiveness therefore requires that projects happen where surface2360

runoff during heavy rain is most reduced. Holstead et al. (2017) present results2361

from interviews with farming focus groups in Scotland, suggesting that appropri-2362

ate long-term financial incentives are needed to increase uptake.2363

2364

Incentives must be administratively simple and be joined up with other farm pay-2365

ments. 64% of respondents surveyed by Holstead et al. (2017) cited lack of informa-2366

tion as a barrier to uptake, and 60% oppose it primarily on the grounds of tradition2367

or habit. In addition to more information and simplifying uptake, financial com-2368

pensation must also be large enough to incentivise deviation from the status-quo.2369

2370

A focus group study run by Posthumus and Morris (2010) also indicate that UK2371

farmers are unwilling to pay for externalities, with participants noting that NFM2372

projects on their land would reduce flooding elsewhere. While the participant-led2373

multi-criteria evaluation by Kenyon (2007) reveals that the views and opinions of2374

the wider community, particularly those communities that host NFM is increas-2375

ingly important. The evaluation and design of incentives for uptake are so far2376

largely absent from the economics literature.2377

4.2.2 Barriers to top-down spatial targeting of NFM2378

Given the similarities between common NFM actions outlined in table 4.1 and2379

projects currently eligible for payments under the Countryside Stewardship and2380

Landscape Recovery schemes (see section 3.2 for details), it is plausible that the2381

UK government could direct payments to target effective flood management. The2382

NFM priority maps published by the Environment Agency (2021) communicate2383
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Table 4.1: Types of natural flood risk management

NFM measure Technical Information Cost

Woodland cre-

ation

Aims to reduce local flooding

(catchments smaller than

100km
2
). 10% increase in

conifer or broadleaved forest

cover in catchment could

achieve a 40mm and 25mm

decrease in water yield,

respectively (Forbes et al.,

2015). This is the action

included in this study.

Variable according to

site, tree species and

management. Wood-

land creation as part

of the Countryside

Stewardship scheme

has been compensated

at £350 per hectare per

year (Defra, 2022).

Wetland creation Small or large scale depend-

ing upon the overarching

aim. The key is to create

the wetland in areas where

the flood reduction potential

is greatest.

Depends on the extent

of engineering required

but likely to be moder-

ate, with some low cost

maintenance required.

Washlands and

storage ponds

Areas next to a river or

stream where flood water

is directed at times of high

flow. May use barriers such

as earth bunds to intercept

overland flow (together

referred to as runoff atten-

uation features or RAFs).

Suitable sites tend to be large

floodplains with suitable

foundations for supporting

any embankments or control

structures.

Extremely variable

depending on scale.

May require pre-work

assessments and plan-

ning permission for

large-scale projects.

the plausibility of spatially targeted schemes directed particularly at those farms2384

that manage ”high-risk” land. These are farms where the creation of NFM fea-2385

tures would have the greatest impact in terms of reducing catchment flooding.2386

However, there are objections to such a policy design. As evidenced in Dadson2387

et al. (2017) and Wilkinson et al. (2019), the potential contribution of a land parcel2388
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to downstream flooding is driven as much by geography as by farming practices.2389

A voluntary payment-for-NFM scheme targeting high-risk farms could therefore2390

be perceived exclusionary, while a targeted command-and-control policy could be2391

viewed as unfairly punishing.2392

The interviews with farmers from Scotland conducted by Holstead et al. (2017)2393

highlight the importance of social dynamics and possible stigma. One respon-2394

dent expressed worries that neighbours would judge the payment as benefiting2395

unfairly from state benefits. Based on scepticism of Defra programs and of state2396

intervention in certain segments of the farming community (Hall & Pretty, 2008), it2397

is therefore prudent to consider how a hypothetical targeted NFM scheme offered2398

to select high-risk farms would be perceived.2399

I know NFM is not money for

nothing, but it would be viewed as

that by people. Then six months

down the line they will say ”oh

such and such is getting £10 000

for that [...] He has nothing on it?”

Farmer 10 (Holstead et al., 2017)

Cultural barriers also exist. Farmers interviewed by Holstead et al. (2017) expressed2400

that receiving payments for effectively retiring farmland does not align with per-2401

ceptions of what it means to be a farmer. Taking land out of production to create2402

NFM may diminish the cultural and professional significance of that land. The in-2403

terviews reveal a commonly held pride in the idea of working the land and that2404

what one puts in is what one takes out.2405
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Some people would see that [being

involved in an NFM scheme] as a

benefit, you wouldn’t be doing the

same amount of work and you

would be getting the same return.

I would say that this goes against

the grain of 90% of farmers or

more

Farmer 13 (Holstead et al., 2017)

Farmers have shown high endorsement of principle of higher pay for greater effort,2406

rather than external circumstances (Loft et al., 2020) and perceived inequity can2407

threaten participation. For these reasons, a top-down government NFM scheme2408

targeted at high-risk farms may be unpopular. Farmers targeted for the scheme2409

may worry about neighbours’ perceptions and the impact of retiring significant2410

amounts of land on their professional self-image. This chapter therefore proposes2411

a market for tradable NFM contracts with spatial targeting. Trading allows high-2412

risk farms who are opposed to NFM the option to buy out of their NFM obligation.2413

However, spatial targeting means that high-risk farms benefit more financially2414

from engaging in NFM than does low-risk farms. This model is discussed in more2415

detail in the following section.2416

4.3 Theoretical background2417

With the background set, I proceed with developing a model of farmers’ demand2418

for enrolling land into ELM schemes. This section does not aim to paint a complete2419

picture of farmers’ decision-making, but fills three important functions: First, set-2420

ting up a stylised theoretical background to the choice experiment allows me to2421
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predict some behaviours that, if observed in the data, would add confidence that2422

respondents have understood the survey and acted in a rational way. Second, the2423

model guides the design of the hypothetical ELM schemes by predicting the vari-2424

ables that enter into the farmers’ optimisation problem. Third, the model predicts2425

the expected signs for the variables of interest that allow me to formulate and test2426

hypotheses.2427

4.3.1 A base model of ELM uptake2428

I begin with a model allowing enrolment into the individual schemes currently2429

available via Defra. I extend the model to a spatially targeted cap-and-trade scheme2430

with trading ratios as defined in Holland and Yates (2015). I consider a farmer2431

with an endowment of productive land L̄ that can be used either for agricultural2432

production or be enrolled in an ELM scheme. The area of land used in agriculture2433

is denoted by LAG hectares and the area used for ELM by LNF to indicate natural2434

features. The first constraint in the farmer’s choices is therefore that the sum of2435

land area used for agriculture an for ELM actions can not exceed the total land2436

endowment:2437

LAG + LNF ≤ L̄ (4.1)

As is typical in production economics, I assume that the land endowment is fixed2438

in the short run and that entering additional land into an ELM scheme is always2439

a substitution from productive land. This is a simplification, as some land eligible2440

for these schemes may be of very marginal economic value (Defra, 2022). Consider2441

the following Cobb-Douglas production function:2442

Y = XαLβ
(4.2)
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Agricultural output Y is a result of a two-factor Cobb-Douglas production function2443

of land LAG and other inputs X (Dawson & Lingard, 1982). Assume that returns2444

to scale are constant such that α+ β = 1 and that returns to land are diminishing2445

(0 < β < 1), because the most productive land being farmed first. Absent any spa-2446

tially targeted incentives or eligibility requirements, farmers will retire marginally2447

productive land first. That 0 < α < 1 should be clear by recognising that there2448

is an upper limit to how much seed or grazing cattle one can pair with a unit of2449

land. I deviate from older specifications (e.g. Ulveling and Fletcher (1970)) by ex-2450

cluding labour as a distinct production factor. This is a result of the study design,2451

where I am interested especially in substitution of land between agriculture and2452

ELM projects.2453

2454

Any environmental benefits from ELM are assumed to be fully externalised. Al-2455

though research on whether UK farms are profit-maximisers is lacking, its absence2456

in the recent agricultural economics literature may itself be revealing. About U.S.2457

agriculture, Crespi et al. (2012) writes that research on the market power of farms2458

has been replaced by a persistent concern about food processors’, handlers’, and2459

occasionally retailers’ potential market power, as buyers of farm products and the2460

impact such power might have on the future of small farms.2461

2462

U.S. farm data also show only few violations of cost minimisation (Zereyesus &2463

Featherstone, 2017; Zereyesus et al., 2021) which indicates a competitive market2464

for farm outputs. It can be argued that some of the drivers behind this shift (en-2465

try of large, low-cost food retailers, globalisation (Saitone & Sexton, 2010)) apply2466

also to the UK, as well as EU-wide changes such as the shift from price-based CAP2467

subsidies (Velázquez et al., 2017). I continue on the assumption that farmers op-2468

erate on a competitive market without the ability to set output prices or collude2469
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with competitors to do so. Their objective is therefore to minimise costs, subject2470

to meeting the residual demand Ȳ they face at market prices:2471

minimise: pXX + cNFLNF − πLNF subject to

XαLβ
AG = Ȳ , LAG + LNF ≤ L̄

(4.3)

where pX and cNF are the market prices of inputs and cost of creating the natural2472

features respectively. The incentive to put land into an ELM scheme is a payment2473

π, proportional to the amount of land LNF enrolled. By solving for LNF in the2474

Lagrangian in equation (4.4) we find the demand for enrolling land into the ELM2475

scheme. Equations (4.5) - (4.7) are the first-order conditions.2476

L = pXX + cNFLNF − πLNF − µ1

(
Ȳ −XαLβ

AG

)
−

µ2

(
L̄− LAG − LNF

) (4.4)

∂L
∂X

= pX + µ1αX
α−1Lβ

AG = 0 (4.5)

∂L
∂LAG

= µ1βX
αLβ−1

AG + µ2 = 0 (4.6)

∂L
∂LNF

= cNF − π + µ2 = 0 (4.7)

2477

By solving for µ1 and µ2, substituting into the constraints and simplifying, I find2478

the cost-minimising demand for using land in the ELM scheme:2479
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L∗
NF = L̄−

(
β
α
pX Ȳ

1/α

cNF − π

) α
α+β

(4.8)

Differentiating equation (4.8) with respect to the payment π reveals the marginal2480

increase in the amount of land retired for ELM as the payment increases. It de-2481

pends on α and β such that the marginal increase is lower when the dependence2482

of production on high-quality land is high. As shown in equation (4.8) the LNF2483

demand function is defined only if π > cNF , when ∂LNF/∂π > 0. If πri < cNF2484

the farmer takes a loss on every unit of NFM created, while the marginal prod-2485

uct of land used for agricultural production, LAG, is diminishing but strictly pos-2486

itive. Cost-minimising behaviour therefore results in no land used for NFM when2487

πri < cNF . That is, when the payment multiplied by farm i’s individual trading2488

ratio is lower than the cost of creating natural features. From here, I state the first2489

hypothesis which would, if not rejected, support the validity of the base model:2490

2491

Hypothesis I: In response to an increase in the per hectare ELM payment, a) farm-2492

ers will set aside more productive land area towards ELM, and b) comparatively2493

more will be set aside by farms where land productivity is comparatively low.2494

4.3.2 Trading in ELM contracts and spatially heterogeneous2495

damages2496

ELM schemes in the UK are currently voluntary and can therefore most accurately2497

be thought of as a subsidy for provision of environmental services by the agri-2498

cultural sector. However, one can imagine the regulator taking a more proactive2499

stance towards environmental goods like flood- and pollution-management, pol-2500

lination services, and habitat conservation. An alternative perspective sees agri-2501

cultural production generating negative externalities that can include erosion of2502
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surface roughness, soil quality, and destruction and/or fragmentation of wildlife2503

habitats. Leppert (2023) shows a causal decline in sulphur emissions following the2504

introduction of a cap-and-trade scheme creating a price on the environmental ex-2505

ternality.2506

2507

The theoretical literature on cap-and-trade instruments has overwhelmingly been2508

developed with the power and industrial sectors in mind (Xepapadeas et al., 1997)2509

as are the majority of applications in environmental policy (Chan et al., 2012; Lep-2510

pert, 2023). This is partly a natural consequence of these industries contributing2511

large shares of economy-wide emissions, but also partly a matter of convenience,2512

as the point-source emission sources lend themselves to regulating emissions di-2513

rectly.2514

2515

These instruments would seem less suited to regulate agriculture (Spicer et al.,2516

2021). However, advances in modelling spatial data at high resolutions, for exam-2517

ple runoff generation (Pearson et al., 2022; Reaney, 2022) and habitat fragmentation2518

(Häussler et al., 2017), allow regulators to treat these problems as closer to point-2519

source externalities.2520

2521

Consider a social bad arising from agricultural land use, such as nutrient run-off2522

(Griffin & Bromley, 1982; Kling, 2011) or elevated downstream flood risk due to2523

land management (Dadson et al., 2017). Assume that agricultural land can be taken2524

out of production and used for rewilding or for natural flood management, to re-2525

duce damage via some function F (LNF ), where once again LNF denotes the area2526

of land devoted to natural features. Aggregating this across Q farms in a catch-2527

ment, adapting the notation of Holland and Yates (2015) to the land use case, the2528

total benefit B from natural features can be defined as:2529
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B(LNF ) = F

(
n∑

q=1

δqLNF

)
(4.9)

The coefficient δq represents the contribution to the externality from land use2530

change at farm i. Two familiar special cases of regular damage functions are a)2531

uniformly mixed pollution, in which δq = 1 for every q, and b) constant marginal2532

benefits, in which F is linear. In practice, neither of these cases may be relevant2533

for policymaking.2534

2535

Like in a traditional cap-and-trade regime, the regulator has set the allowance (or2536

in this case, the minimum required area for NFM features) L̃NF and the marginal2537

abatement costs across affected firms determine buyers and sellers (Montgomery,2538

1972). One-for-one trading allows farms that are willing to set aside more land for2539

NFM to take over the obligations of another farm in exchange for payment. How-2540

ever, Fowlie and Muller (2019) observe that such a scheme does not effectively2541

target producers of the largest externalities.2542

2543

Following Holland and Yates (2015) we propose differentiated trading ratios as2544

a solution to spatially heterogeneous damages to incentivise high-priority farms2545

to take up the NFM obligations of low-priority farms. Farm q’s objective is to2546

minimise the following cost function:2547

pXX + cNFLNF + π
(
L̃NF − rqLNF

)
(4.10)

The trading ratio rq determines how much less (rq > 1) or more (rq < 1) land2548

farm q would need to retire to take over the NF obligation of another farm. A2549

trading ratio of 1 implies one-for-one trading (Holland & Yates, 2015). Setting up2550

the Lagrangian:2551



150

L = pXX + cNFLNF + π
(
L̃NF − rqLNF

)
−

µ1

(
Ȳ −XαLβ

AG

)
−

µ2

(
L̄− LAG − LNF

) (4.11)

Once again, differentiating with respect to X , LAG, and LNF yields the first-order2552

conditions:2553

[X] : pX + µ1αX
α−1LAG

β = 0 (4.12)

[LAG] : µ1βX
αLAG

β−1 + µ2 = 0 (4.13)

[LNF ] : cNF − πrq + µ2 = 0 (4.14)

Rearranging (4.12) to solve for µ1 and substituting into (4.13) lets me solve for µ2.2554

A function for LAG can be written by entering µ2 expressed as inputs, outputs and2555

prices into equation (4.14) Like in the base model, the demand function for land to2556

be retired for NFM projects is then derived.2557

L∗
NF = L̄−

(
β
α
pX Ȳ

1/α

cNF − πrq

) α
α+β

(4.15)

Equation (4.15) can be substituted into the benefits function (4.9). For two farms2558

1 and 2 we can express r1 and r2 as r1 and 1/r1, which the regulator selects to2559

maximize:2560



151

B(LNF ) = δ1

L̄−( β
α
pX Ȳ

1/α

cNF − πr1

) α
α+β

+ δ2

L̄−( β
α
pX Ȳ

1/α

cNF − π1/r1

) α
α+β


(4.16)

Maximising B with respect to r1 when land endowments, residual demand, and2561

prices are normalised, we see that only when marginal damages are uniform, i.e.2562

δ1/δ2 = 1, is the optimal trading ratio one-for-one trading. To incentivise greater2563

NFM uptake among high-risk farms when marginal damages are spatially differ-2564

entiated, trading ratios should reflect the relative flood generation risk between2565

the farms. As with the voluntary scheme introduced in the previous section, the2566

cost-minimising area to be set aside for NFM decreases with the cost to implement2567

NFM features cNF . More interesting is the marginal change in demand for NFM2568

given an increase in the annual per hectare payment π:2569

∂L∗
NF

∂π
= −

(
α

α + β

)
rq

(
β/αpxȲ 1/α

cNF−πrq

) α
α+β

cNF − πrq
(4.17)

Once again, the marginal demand for creating NFM is increasing with the pay-2570

ment when πrq > cNF . In a scheme with minimum catchment-wide NFM and2571

tradable contracts, a cost-minimising farmer q whose NFM creation costs (includ-2572

ing opportunity costs) exceed the payment (rqπ < cNF ) would buy out of their2573

NFM requirement (i.e. paying another farmer to create it). This also happens if2574

the payment is less than the farm’s opportunity cost of taking land out of produc-2575

tion to create NFM. In this way, the trading ratio rq governs whether farm q will2576

take over the NFM contracts of another farm or pay to absolve itself of its current2577

NFM obligation. Figure 4.2 shows NFM demand curves for a set of different trading2578

ratios and sizes of β when the NFM creation cost is negligible.2579
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Figure 4.2: Illustrative demand curves for NFM for a 100 ha farm with a residual demand

of 500 units of agricultural output Y . Assume that the cost of creating natural is only oppor-

tunity cost. A negative demand (as in the panel showing demand curves for farmers of high

land productivity) means that the farmer will want to buy out of NFM contracts.

If the null of hypothesis I is rejected, lending credibility to the base model, the2580

following hypothesis can be added with the aim of validating the extension to the2581

model involving trading. Hypothesis II tests whether farmers a) understand the2582

concept of a market for NFM contracts with spatial targeting and b) confirms that2583

they would act rationally within it.2584

2585

Hypothesis II: Increases in the trading ratio offered to a farmer (e.g. from 1/5 to2586

5 to 10) lower the minimum payment she is willing to accept to create additional2587

NFM features.2588

2589

Hypothesis II recognises from the demand function for NFM that when (πrq −2590

cNF ) > 0, farmers wish to create more NFM on their own land as the annual pay-2591

ment π increases. This is because a farmer for whom the risk-adjusted government2592
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payment, rqπ, exceeds the cost of creating NFM would be accepting payment to2593

take over additional NFM obligations from other farmers. Therefore, an increase2594

in the risk-adjusted payment encourages her to create more NFM. The NFM de-2595

mand function also predicts that under the trading regime, an increase in the risk-2596

adjusted payment will lower a farmer’s demand for NFM while (πrq − cNF ) < 0.2597

Perhaps less intuitive, this result arises because while the farmer will always seek2598

to get out of her NFM obligation while the cost exceeds the payment, other farmers2599

who wish to take on more NFM contracts via the trading market benefit from a2600

higher payment. Increased demand for NFM by farmers of high-risk land (high r)2601

improves the opportunity for others (low r) to buy out of their NFM obligations.2602

Similarly, steep gradients in the trading ratios facilitates trading and increases the2603

market-clearing concentration of NFM among the most high-risk farms.2604

4.3.3 Transaction costs2605

Trading is likely to involve transaction costs arising from matching farmers, facil-2606

itating transactions, and setting up intermediaries to do so (Nguyen et al., 2025).2607

Transaction costs can incorporated into the model as a percentage of the payment.2608

Irrespective of whether it falls on the farmer buying out of an NFM obligation, on2609

the farmer taking up additional obligations, or is shared between the two, a higher2610

transaction cost is expected to result in fewer trades. I add transaction costs τ to2611

the farm’s cost function as a percentage of the total cash value of any trade. The2612

corresponding adaptation to equation (4.10) then becomes:2613

pXX + cNFLNF + Tπ
(
L̃NF − rqLNF

)
(4.18)

where T is equal to (1+ τ) when the farmer is buying out of their NFM obligation2614

(net expenditure is positive) and is equal to (1 − τ) when the farmer is accepting2615
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payment to take up additional NFM (net expenditure is negative). Solving the La-2616

grangian for cost function (4.18) in the same manner as in section 4.3.2, I derive the2617

marginal demand function for NFM, LNF , in terms of the payment rate π shown2618

in equation (4.19). See the appendix 6 for a step-by-step derivation of the marginal2619

demand function from the Lagrangian.2620

∂L∗
NF

∂π
= −

(
α

α + β

)
rq

(
β/αpxȲ 1/α

cNF−Tπrq

) α
α+β

cNF − Tπrq
(4.19)

The function shows that LNF demanded by farm q is growing with π when the2621

payment πrq exceeds the cost of creating NFM, cNF . In this case, T = (1− τ) and2622

so the rate of NFM creation declines with the transaction cost τ . The opposite is2623

true when πrq < cNF , when τ reduces the rate of farmers buying out of their NFM2624

obligations.2625

2626

Hypothesis III: Increases in the transaction cost faced by the farmer results in a2627

reduction in trade volume irrespective of whether the farmer’s demand for NFM2628

contracts is positive or negative.2629

4.4 Econometric modelling2630

Each hypothesis was tested using discrete choice modelling with latent classes as2631

described in section 3.5 of chapter 3. Hypotheses I and II are tested based on the2632

results from DCE I. Hypothesis III is tested using the WTA and the WTP scenarios2633

that are part of DCE II. Following Boxall and Adamowicz (2002), the number of2634

classes was decided based on minimising the Bayesian Information Criterion (BIC).2635

Models with 2− 4 classes were estimated, but with no more than two classes did2636

the models converge. The BICs for the two-class model were consistently lower2637
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than the BIC for the base MNL model. Accordingly, models with two latent classes2638

were estimated for each DCE.2639

4.4.1 DCE I2640

Table 4.2 reminds readers of the choice attributes and levels of DCE I. The corre-2641

sponding variable notation from the theory section 4.3 has been added next to the2642

attribute names to bridge the gap in notation between the economic model and the2643

econometric model. Both the type of natural feature and its location were assumed2644

to be drivers of the cost to farmers of creating it, cNF .2645

Table 4.2: DCE I: Attributes and levels

Attribute Levels

Type (cNF ): The type of NFM feature Natural Regeneration, Planted Broadleaf

Trees

Location (cNF ): Where the NFM feature is

placed on the farm

1) Mid-field, 2) Field boundary, 3) River

edge

Land quality (proxy for β): Suitability of

land for agriculture

1) Rough grazing, wet, steep, rocky etc.,

2) Prime grazing land or high yielding

crops

Area (LNF ): Amount of land set aside for

NFM

1) 1/20 hectare (500m
2
), 2) 1/10 hectare

(1000m
2
)

Payment (π): Annual payment £200, £300, £400, £500

Hypotheses I-II were tested by estimating taste parameters for individual attributes2646

in DCE I. This was done by estimating the latent class model with the utility from2647

option (ELM scheme) i specified as follows:2648
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Us,i = ASCi,s + ASCi,s × FEMALE + ASCi,s ×GRAZING+

βTREES,s × TREES + βRIV EREDGE,s ×RIV EREDGE+

βFIELDEDGE,s × FIELDEDGE + βQUALITY,s ×QUALITY+

βAREA1000m2 ,s × AREA1000m2 + βPAYMENT,s × PAYMENT+

λL + δs

(4.20)

Equation (4.20) models the utility that farmers in class s derive from choosing2649

option i. The attributes are described in table 3.4. The alternative-specific con-2650

stant, ASCi,s, is interacted with a dummy variable indicating whether the respon-2651

dent is female and with the proportion of land the respondent uses for grazing.2652

Other interactions, including educational attainment and current enrolment in2653

ELM schemes, were tested and found insignificant.λL represents the land endow-2654

ment elasticity and is an estimation of how the sensitivity to larger ELM features,2655

βAREA1000M2 , varies with respondents’ land endowment. δs is an offset describing,2656

on average, to what extent the utility of class s is different from that of class 1.2657

Testing the first hypothesis seeks to confirm the validity of the base model of farm-2658

ers as cost-minimisers. Implicit in the assumption about the functional form of2659

agricultural production is that the marginal productivity of land is strictly positive2660

and diminishing, i.e. 0 < β < 1. It follows that the required payment to accept2661

a 1/10th hectare feature over a smaller 1/20th hectare feature is lower when the2662

initial area of the farmer’s productive land, LAG, is high. Hess and Palma (2019)2663

and Axhausen et al. (2008) illustrate how the income elasticity can be computed2664

by estimating βπ × (Y/Ȳ )λY
where Y is income and λ is the elasticity.2665

2666

The estimate of λY gives the elasticity of the sensitivity to price with respect to2667
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changes in Y . With negative elasticity, the (absolute) sensitivity decreases with2668

increases in Y , with the opposite applying in the case of positive elasticities. Fi-2669

nally, the rate of the interaction is determined by the absolute elasticity, where a2670

value of 0 indicates a lack of interaction. I similarly estimate how farmers’ land2671

endowment affect their demand for land retired for NFM: βLNF
×(L/L̄)λL

. Reject-2672

ing the null requires that βπ > 0, βLNF
< 0, and λLNF

< 0. This implies that the2673

dis-utility from larger NFM feature size decreases with the farm size. Hypothesis2674

I was stated as the following null and alternative hypotheses:2675

2676

H0: a) βPAYMENT ≤ 0 ≤ βAREA2677

H0: b) λL = 02678

H1: a) βAREA < 0 < βPAYMENT2679

H1: b) λL < 02680

βPAYMENT > 0 means that farmers prefer a higher payment for creating NFM.2681

βAREA < 0 implies that farmers would prefer less land for NFM, holding the pay-2682

ment constant. These inequalities are necessary conditions for cost-minimising2683

behaviour. Rejecting the null lends credibility to the the theoretical model. λL < 02684

means that farmers managing large land areas are less sensitive to the land area set2685

aside for NFM. Such a result supports the assumption that the land factor produc-2686

tivity is positive but diminishing. In other words, that the marginal productivity2687

of land as an agricultural input factor is decreasing with the land area put to use.2688

2689

Alternative hypothesis H1 a) is a joint inequality, which can be evaluated using2690

simulated draws from a joint distribution. When βAREA and βPAYMENT are esti-2691

mates from a maximum likelihood estimation:2692

N →∞, θML ∼ N (θ,Ω) (4.21)
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The variance-covariance matrix Ω for βAREA and βPAYMENT was extracted from2693

the latent class logit model. When the sample N is large enough, it is possible2694

to sample R times from the asymptotic normal distribution using the vector of2695

taste parameters as the mean and Ω obtained from the model. After R draws, the2696

cases for the inequality of interest were counted. The statistic to report for the2697

probability of H1 a) can be computed as:2698

∑r=R
r=1 1(βr

PAYMENT > 0 > βr
AREA)

R
(4.22)

The resulting fraction represents the proportion of cases from 10, 000 simulated2699

draws where the null hypothesis is true, and can be compared against the signifi-2700

cance threshold which is 5%. Failure to reject H0 a) suggests that surveyed farmers2701

do not display cost-minimising behaviour. Failure to reject H0 b) would suggest2702

that large farms are not less sensitive to increases in the land area set aside for2703

NFM. For example, because farmers perceive that the costs of creating and main-2704

taining NFM features dwarf the opportunity cost of agricultural land.2705

4.4.2 DCE II2706

Individual latent class models are specified and estimated for the WTA and WTP2707

scenarios. The attributes are identical, except for the trading ratios and the pay-2708

ment, as per table 4.3. As described in section 4.3, the trading ratio r governs the2709

rate of exchange between farms in terms of the land area required to meet the con-2710

ditional payment for NFM. For the farmer taking on additional NFM obligations, a2711

trading ratio above one means that they will have to retire proportionally less land.2712

For the farmer buying-out of their NFM obligation, the corresponding ratio below2713

one means that they will pay less. From the government’s perspective, this is all2714

motivated by a higher marginal flood risk reduction if NFM is created at the high-2715
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risk farm. The constrained cost-minimisation described in section 4.3 supposed a2716

continuous demand function for NFM where demand could be positive (farmer is2717

a net taker of additional NFM obligations) or negative (farmer is a net buyer-out).2718

The one departure from here on out is that the econometric models are estimated2719

based on six choice tasks each from discrete WTA and WTP scenarios in DCE II.2720

In the WTA scenario, trading ratios are always above one. In the WTP scenario,2721

trading ratios are always less than one.2722

Table 4.3: DCE II: Attributes and levels

Attribute Levels

Trading ratio (WTA, r): The factor by which respondents

can increase their per-hectare payment for NFM by trading

5, 10, 20

Trading ratio (WTP, 1/r): The ratio by which the respondent

can reduce their expected per-hectare cost to get out of their

NFM obligations by trading

1/5, 1/10, 1/20

Transaction fee (τ ): A percentage of the base payment

borne by the respondent

5%, 10%

Payment (π): Annual payment, received in the WTA setting

and paid in the WTP setting

£200, £300, £400, £500

As in DCE I, models featuring 2− 4 classes were estimated, and convergence was2723

achieved only with 2 classes. The model is presented in equation (4.23):2724

Us,i = ASCi,s + βr=10:1,s × (r = 10 : 1) + βr=20:1,s × (r = 20 : 1)+

βFEE,s × FEE + βPAYMENT,s × PAYMENT+

δs

(4.23)

The estimates of the taste parameters for trading ratios of 20:1 and 10:1, respec-2725
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tively, are measuring the preference relative to the reference level 5:1. To test2726

hypothesis II, the following alternative and null hypotheses were stated:2727

H0: βr=20:1 = βr=10:1 = 02728

H1: βr=20:1 > βr=10:1 > 02729

Similar to hypothesis I, H1 is a joint inequality. Accordingly, the same procedure2730

for testing is followed.10, 000 draws from the bivariate normal distribution that2731

satisfy the H0 are summed up. The proportion is then compared against the sig-2732

nificance level of the test, which is again 5%.2733

2734

Hypothesis III posits that the transaction cost (FEE or τ ) reduces the volume of2735

trade. Rejecting the null requires that βτ < 0 in each scenario such that a higher2736

transaction cost τ requires a higher payment rate to facilitate trading. For both2737

trading scenarios, the alternative and null hypotheses are stated as follows:2738

H0: βτ=10%,s = 02739

H1: βτ=10%,s < 02740

4.5 Estimating trading ratios and runoff reduction2741

As discussed in previous sections, the contribution of this chapter goes beyond2742

adopting a theory of spatially targeted cap-and-trade to NFM and testing its pre-2743

dictions in a choice experiment with active farmers. This part of the work can2744

be thought of as the costing portion in a cost-benefit analysis of the hypothetical2745

trading regime for NFM in England. In this chapter, I also aim to make explicit2746

the benefits portion of the analysis. I first estimate the reduction in water runoff2747

generation risk attributable to a set of variants of the NFM schemes featured in the2748

choice experiments. I do this by comparing runoff generation potential δ across2749
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real agricultural landscapes and simulated landscapes with NFM features of differ-2750

ent types and placements.2751

2752

The SCIMAP-Flood model (Reaney, 2022) is a spatially distributed tool designed2753

to identify critical source areas for floodwaters within a catchment, thereby aiding2754

in the prioritisation of natural flood risk management (NFM) interventions. The2755

model has been validated in the Eden catchment. By analysing spatial patterns of2756

rainfall, land cover, and topography, SCIMAP-Flood determines locations where2757

mitigation measures, such as storage ponds, flow-slowing debris dams, and land-2758

use changes, would be most effective in attenuating flood peaks. The output map2759

from SCIMAP-Flood combines relative scores to each of the flood hazard driving2760

factors and then combines these to give a point scale assessment of the potential2761

value of slowing flows at that location for decreasing flood generation (Reaney,2762

2022).2763

2764

A key feature of SCIMAP-Flood is its ability to handle uncertainties in input data,2765

particularly variations in rainfall patterns and land cover information. This prob-2766

abilistic approach enables the model to provide not only potential sites for NFM2767

interventions but also the confidence levels associated with these predictions. Such2768

information is crucial for decision-makers aiming to implement effective and reli-2769

able flood mitigation strategies. The model operates by assessing the hydrological2770

connectivity within a catchment, identifying areas where surface runoff is likely2771

to contribute significantly to flood events.2772

2773

By targeting these critical source areas, SCIMAP-Flood facilitates the strategic2774

placement of NFM measures, enhancing their overall effectiveness in flood risk2775

reduction. SCIMAP-Flood has been applied in various contexts, including catch-2776
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ments in the UK and Nepal (Pearson et al., 2022), demonstrating its adaptability2777

to different environmental conditions. Its development was initiated following2778

Storm Desmond in 2015, with the aim of introducing innovative approaches to2779

catchment-based flood hazard management. The model has since undergone test-2780

ing and refinement, incorporating feedback from diverse applications to improve2781

its accuracy and reliability (Reaney, 2022). Figure 4.3 illustrates how SCIMAP-Flood2782

uses input data (shown in blue) to produce an assessment of the relative flood risk2783

at every parcel of land in the catchment. The model takes the following inputs:2784

2785

Figure 4.3: Diagram illustrating the process of executing SCIMAP-Flood, from Pearson

et al., 2022

Land cover data: Different rural land uses contribute differently to runoff through2786

variation in soil permeability (Pattison & Lane, 2012) and surface roughness (Re-2787

aney, 2022). The former governs the capacity of soil to absorb water at scale and2788

speed. Permeability can be impacted for example by ploughing of fields, where2789

heavy machinery causes wheel tracks to be compacted. The latter refers to the ca-2790

pacity of different land cover classes to inhibit water flows. For example, natural2791

regeneration of inactive farmland increases roughness compared to bare-ground2792
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fallow (Niehoff et al., 2002).2793

2794

This research uses the 2022 edition of the 10m
2

resolution land cover maps made2795

available by the UK Centre for Ecology and Hydrology (UKCEH). The dataset fea-2796

tures 21 unique land cover classes, and is created by combining many classified2797

images into a single map of the whole country. A random forest supervised learn-2798

ing classifier is used to estimate the likelihood of each type of land cover. The2799

land cover type with the highest likelihood is selected as the most probable. In2800

the dataset, the first layer contains numbers that represent the most likely UKCEH2801

land cover type. The second layer shows the probability for that classification, giv-2802

ing an idea of how confident the result is.2803

2804

Unlike earlier UKCEH datasets, the 10m
2

pixel data has not been simplified by2805

merging it with the UKCEH Land Parcel Spatial Framework. This means that it2806

keeps detailed features like narrow strips or small areas of habitat that are too2807

small to be shown in the 0.5-hectare minimum mapping size used in the UKCEH2808

Land Parcel Spatial Framework (Marston et al., 2023). Following Reaney (2022)2809

the UKCEH land cover classes have been converted to runoff weights between zero2810

and one, where a higher weight signifies greater runoff generation potential. For2811

example, the weight for unimproved grassland is 0.15 while the weight for arable2812

land is 0.8. The distribution of runoff weights is mapped in figure 4.4. It shows that2813

the flood generation potential is greatest in the north of the catchment, around the2814

town of Carlisle. Urbanisation contributes to flood risk due to clearing of vegeta-2815

tion, paving of road, etc. (Niehoff et al., 2002).2816

2817

Elevation: Higher elevations tend to experience more intense and rapid runoff2818

due to steeper slopes, which accelerate the flow of water, reducing infiltration and2819
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increasing the risk of downstream flooding. In contrast, low-lying areas often serve2820

as collection points for runoff, making them more prone to water accumulation2821

and potential flood events. I used a digital terrain model (DTM) made available2822

by the UK Environment Agency in 2022 with a 10m
2

resolution. The DTM is de-2823

rived from a combination of the Agency’s Time Stamped archive and National2824

LIDAR Programme surveys, which have been merged and re-sampled to give the2825

best possible coverage. Where repeat surveys have been undertaken the newest,2826

best resolution data is used. Where data was resampled a bilinear interpolation2827

was used before being merged (UK Environment Agency, n.d.). The elevation is2828

mapped in figure 4.5. The river Eden is visible as it flows north through the catch-2829

ment toward its mouth at Solway. Following Reaney (2022), slope rasters were2830

created from the DTM using mapping software SAGA.2831

2832

Hydrological connectivity: The slope and land cover rasters, along with map-2833

ping of the river network supplying the experimental catchment, are used to com-2834

pute the hydrological connectivity of the catchment.
1

A map of hydrological con-2835

nectivity (figure 4.6) shows the paths water will traverse a landscape. It is a mea-2836

sure of the ease by which a volume of water is able to move from one point to2837

another (PEARSON et al., 2016).2838

2839

Rainfall patterns: Pattison and Lane (2012) observed that regional rainfall cir-2840

culation patters have an impact on the kinds of storms that have resulted in se-2841

vere flooding in the past. Precipitation maps were selected from the CEH Gridded2842

Estimations of Areal Rainfall, GEAR, dataset (Tanguy et al., 2021). This dataset2843

comprises daily rainfall estimates based on the observed rain gauges presented in2844

1
Hydrological connectivity, although etymologically related, is distinct from habitat- or ecolog-

ical connectivity which will feature in a later chapter. When referring to hydrological connectivity,

I will make this explicit throughout.
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1km
2

resolution. Rainfall records from six days with the heaviest precipitation in2845

2019 were used.2846

2847

SCIMAP-Floodwas run across the Eden catchment which is a largely rural. flood-2848

prone area in the north-west of England, and is also the home of several of the2849

participants in our choice experiments. The mapping of runoff weights (figure 4.4)2850

shows the urbanised areas in the catchment light up as major runoff generation2851

hotspots. This results from the land use change from natural vegetation to a built2852

up environment, including paving over roads, inherent in urbanisation. I also il-2853

lustrate the correlation between the runoff weights, elevation, and connectivity.2854

Connectivity is higher where slopes are steeper.2855
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Figure 4.4: Surface water runoff weights, δ, indicating the relative flood risk driven by

geography and land use.
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Figure 4.5: Elevation from a digital terrain model of the UK (meters above sea levels) (UK

Environment Agency, n.d.)
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Figure 4.6: Hydrological connectivity (Reaney, 2022) which describes the ease with which

water from one location in the landscape can move to another
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Figure 4.7: Rainfall patterns (mm) over the Eden, recorded on 10 December 2019, one of the

heaviest rains of that year (Tanguy et al., 2021)
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4.6 Results2856

I begin by reporting the results from the first choice experiment, DCE I, which2857

aims to test hypothesis I as well as provide some general information about the2858

perceived barriers to ELM participation within the sample. Two models are pre-2859

sented using the results from DCE I. In the first model I am primarily concerned2860

with predictors of NFM uptake. I seek to benchmark the experimental evidence2861

against the qualitative insights from Hurley et al. (2022) and Holstead et al. (2017)2862

as well as previous DCE studies (Tyllianakis et al., 2023) about what demographic2863

and economic characteristics present barriers to ELM enrolment. Tyllianakis et al.2864

(2023) report that their class of older, full-time farmers without extensive experi-2865

ence with ELM schemes nonetheless exhibit a strong aversion to being left out of2866

new ELM schemes and choose not not opt out of the hypothetical schemes. Farm-2867

ers’ preference for enrolling in the schemes are correlated with previous or current2868

experience with NFM schemes, farmers’ ages and pro-social attitudes. A suitable2869

model for this purpose is a latent class model, also used in Tyllianakis et al. (2023),2870

which allows me to group respondents into distinct classes based on their pref-2871

erences. Each respondent has a posterior conditional probability of belonging to2872

each class. I assign respondents to the class where their conditional probability is2873

at least 80%. R code for this procedure is included in the appendix. I then illustrate2874

how demographic and psychological differences predict class membership.2875

2876

The second model is a mixed logit (MMNL) model, where I allow inter-individual2877

taste heterogeneity and estimate taste parameters specific to each respondent. For2878

each class of respondents, the mixed model allows me to establish how the amounts2879

of money respondents ascribe to attributes of the NFM schemes are distributed in2880

the sample. Narrow distributions give policymakers a good idea of the required2881

payment for a particular scheme, while distributions with a high variance indi-2882
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cate that a ”one-size-fits-all” design may be infeasible. Parameters are drawn 1,0002883

times using a Modified Latin Hypercube Sampling (MLHS) algorithm which has2884

been shown to outperform alternative Halton draws for MMNL models (Hess et2885

al., 2006). The initial normal distributions from which taste parameters are drawn2886

have means set to zero. The payment parameter is drawn from a uniform distribu-2887

tion between 0 and 1. The MMNL models were estimated using the Apollo package2888

in R (v4.1.3) (Hess & Palma, 2019).2889

2890

I report results from DCE II in the same way, displaying results from a latent class2891

model and augmented by a mixture model in order to understand the distribution2892

of tastes within the sampled farmers. I test Hypothesis III, which claims that farm-2893

ers who do not believe that their land contributes to flood risk are less likely to2894

value an increase in the trading ratio. I leverage results from previous research2895

on consequentiality (Lloyd-Smith & Adamowicz, 2018) to predict that this would2896

happen because these farmers doubt that a policymaker would ever assign their2897

land a high trading ratio. I test the hypothesis by interacting (Block et al., 2024)2898

the trading ratio attribute with respondents’ stated concern about flooding in the2899

catchment. The regression coefficient for this interaction represents the difference2900

in preference for higher trading ratios between farmers expressing belief in the2901

flood risk of their land and those who do not.2902

2903

Then, NFM schemes from the experiments are compared in terms of reduction in2904

runoff generation potential using SCIMAP-Flood. I incorporate estimates of re-2905

quired payments per scheme from the choice experiment to conduct a cost-benefit2906

analysis, comparing reductions in flood risk per amount spent on compensation2907

to farmers. This allows me to evaluate the cost-effectiveness of the schemes and2908

make policy recommendations. Finally, enable trading between simulated "high-2909
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risk" and "low-risk" farms to illustrate improvements in cost-effectiveness per my2910

theoretical model.2911

2912

The alternative-specific constants for ELM schemes A and B are both negative2913

and significant compared against the constant for the opt-out, or status quo (SQ),2914

alternative. In agreement with Tyllianakis et al. (2023) this means that respondents2915

display a statistically significant preference for opting into the schemes.2916

4.6.1 DCE I: Barriers to enrolment into NFM schemes2917

Table 4.4 shows the results from the latent class model. This research finds that2918

farmers in the sample can be grouped into two distinct classes that are signifi-2919

cantly different. Class I make up 73% of the sample while Class II make up 27%.2920

The standard errors and resulting statistical significance must be be read with that2921

difference in class size in mind. The notable differences in taste parameters be-2922

tween the two classes are the alternative-specific constants for the NFM schemes.2923

ASCSchemeA and ASCSchemeB measure respondents’ preference for enrolling in the2924

NFM scheme compared against opting out. Positive and statistically significant2925

taste parameters mean that, all other attributes being equal, respondents prefer the2926

feature in question over the reference level. Conversely, negative and significant2927

values mean that respondents prefer the reference level. Statistically insignificant2928

taste parameters mean that respondents are indifferent between the two.2929

2930

On average, members of Class I prefer enrolment into any available NFM scheme2931

over opting out, while Class II prefer opting out. In other words, before attributes2932

of the schemes are considered, Class II can be characterised as NFM sceptics. Among2933

members of Class I, the preference for enrolling in the scheme is also higher among2934

women. There is no statistically significant gender difference in Class II. Across2935
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both classes, farmers who use a larger proportion of their productive land for graz-2936

ing (as opposed to cereals, soybeans, horticulture, etc) have a stronger preference2937

for enrolment in the scheme. I hypothesise that this is because the types of NFM2938

features involved in the schemes are less disruptive to grazing. For example, natu-2939

ral regeneration may involve only fencing off the protected areas. Farm size is not2940

a significant predictor of scheme enrolment in either class.2941

2942

Taste parameters for planted trees are negative for both classes, although the dif-2943

ference compared to natural regeneration is only statistically significant for Class2944

I. This means that respondents would prefer to maintain natural regeneration fea-2945

tures rather than planting trees. This result is in line with expectations. Similarly2946

in line with expectations, I find that placing the NFM features either along a river2947

edge or along the field boundary is each preferred over in-field features. However2948

only the river edge parameter is significant within Class II. Retiring good quality2949

land (e.g. prime grazing) is only moderately worse than lower quality land accord-2950

ing to the respondents, only significant at the 10% level in Class I. The interaction2951

between size of the NFM features and the size of the farm is insignificant, sug-2952

gesting that small farms are not more unwilling to increase the area devoted to2953

NFM.2954

Figure 4.8 shows how respondents in the two latent classes differ along a num-2955

ber of key characteristics. There is a major difference in the propensity to choose2956

the opt out alternative, with Class II (27% of respondents) much more likely to de-2957

cline enrolment in either available scheme. Farmers of small land areas are more2958

likely to display preferences of Class II. So are those who are not already enrolled2959

in an ELM scheme, and those who do not collaborate with neighbours in farming2960

activities. Taking these differences into account, Class I is called the the ”high en-2961

gagement” class, and Class II the ”low engagement” class. I choose this naming2962
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Table 4.4: DCE I: Preferences for NFM schemes

Attribute Taste Parameters Reference level

Class I Class II

ASCSchemeA 1.98 -1.88 ASCOptout
(0.21)

∗∗∗
(0.27)

∗∗∗

ASCSchemeB 1.85 -1.98 ASCOptout
(0.21)

∗∗∗
(0.27)

∗∗∗

Trees -0.28 -0.19 Natural Regeneration

(0.05)
∗∗∗

(0.13)

River Edge 0.61 0.81 In-field

(0.06)
∗∗∗

(0.14)
∗∗∗

Field Boundary 0.66 0.11 In-field

(0.08)
∗∗∗

(0.17)

Good Quality Land -0.05 -0.10 Poor Quality

(0.05)
∗

(0.11)

1000m
2

-0.26 -0.28 500m
2

(0.05)
∗∗∗

(0.11)
∗∗

Payment 2.09 3.26

(0.22)
∗∗∗

(0.54)
∗∗∗

ASCScheme × Female 1.21 -0.13

(0.53)
∗∗

(0.19)

ASCScheme × % Grazing 0.01 0.05

(0.005)
∗∗

(0.002)
∗∗

Elasticity of Land 0.15 -0.27

(0.25) (0.34)

Summary of class allocation for model: Class 1 (73%) and Class 2 (27%)

Adj. R2
vs observed shares: 0.21, BIC: 4750, MNL BIC: 5721

convention because not only are members of Class II less likely to engage with2963

the hypothetical schemes in the choice experiment, they are also modestly less2964

likely to engage with real ELM schemes, nor engaging with neighbouring farmers2965

such as sharing farming equipment. Differences in educational attainment are less2966

clear-cut between the classes. While low engagement farmers are more likely to2967

state that their highest qualification is some sort of vocational certification, they2968

are also more likely to have attained a postgraduate degree.2969

2970

Test of Hypothesis I: A positive and significant taste parameter for the payment2971

and a negative and significant taste parameter for larger NFM features partially2972
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rejects the null for Hypothesis I. The proportion of draws satisfying the null hy-2973

pothesis is 2.2% for the low engagement class and 0% for the high engagement2974

class. Each are below the significance cutoff at 5%. This suggests that the factor2975

productivity of land β > 0. However the elasticity between the size of NFM fea-2976

tures and the farm’s land endowment is not different from zero at any significance2977

level. This means that regression analysis is not enough to confidently confirm2978

that 1 > β, i.e. whether there are diminishing returns to land inputs. I attribute2979

these results either to β → 1, or omitted variables. For example, respondents2980

reporting large land endowment is correlated with reporting farming as their pri-2981

mary source of income (0.2) which may dissuade them against more NFM.2982

2983

Figure 4.8: Socio-demographic and behavioural predictors of latent class membership in

choice experiment 1
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4.6.2 DCE II: Farmers’ willingness to engage in trading2984

Next I report the results from the second choice experiment, which consists of two2985

sets of choice tasks. In the first set, respondents are asked to imagine that they2986

are in a position to receive extra payment by taking over the NFM obligation of2987

other farms. The trading ratios being offered within this set are 5, 10, or 20. In the2988

second set, respondents are instead asked to imagine that they can pay to get out2989

of their NFM obligation. The trading ratios being offered within this set are once2990

again 5, 10, and 20. In my theoretical model, these correspond to
1/5, 1/10 and

1/202991

but have been explained only verbally to respondents.2992

2993

The latent class results from the first set are displayed in table 4.5. I once again2994

identify two distinct classes, with a moderately stronger split than in the first2995

choice experiment, 86% and 14% of the sample respectively. Members of Class I2996

display a significant preference for engaging in trading. Class II is on average in-2997

different between engaging in trading and opting out. Class I displays a positive2998

and significant preference for being offered a trading ratio of 10 over a ratio of 5.2999

The taste parameter among members of Class II, however, is not statistically dis-3000

tinguishable from zero. As would be expected expect, the preference for a trading3001

ratio of 20 is greater still among Class I, preferred over both ratios of 5 and 10.3002

Class II defies expectations, as the taste parameter is negative. However, it is only3003

significant at the 10% level. Members of Class I have strong preferences for lower3004

transaction fees and higher payments, which is in line with cost minimising be-3005

haviour. However the preference for lower fees is weak among Class II and only3006

statistically significant at the 10% level.3007

Figure 4.9 shows how respondents in the two latent classes differ along a number3008

of key characteristics. It shows that the predictors of class membership in the sec-3009

ond choice experiment are identical to the first. Once again, Members of Class I3010
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Table 4.5: DCE II: Willingness to accept

Attribute Taste Parameters Reference level

Class I Class II

ASCSchemeA 2.13 -1.69 ASCOptout
(0.27)

∗∗∗
(0.57)

∗∗∗

ASCSchemeB 1.95 -2.05 ASCOptout
(0.38)

∗∗∗
(0.34)

Trading Ratio = 10 0.23 0.02 Trading Ratio = 5

(0.08)
∗∗∗

(0.31)

Trading Ratio = 20 1.08 0.78 Trading Ratio = 5

(0.08)
∗∗∗

(0.32)
∗

Transaction Fee (%) -0.07 -0.06

(0.01)
∗∗∗

(0.04)
∗

Payment 3.43 3.84

(0.21)
∗∗∗

(1.15)
∗∗∗

Summary of class allocation for model: Class 1 (86%) and Class 2 (14%)

Adj. R2
vs observed shares: 0.19, BIC: 3041

are much less likely to choose the opt-out alternative and not engage in trading.3011

Compared to choice experiment 1, there is a greater difference between the classes3012

in terms of current enrolment into real agri-environment schemes, with 60% of3013

Class I participating compared to 40% in Class II. I keep to the naming convention3014

of calling Class I the ”high engagement” class, and Class II the ”low engagement”3015

class. Differences in educational attainment are once again ambiguous. While low3016

engagement farmers are more likely to state that their highest qualification is some3017

sort of vocational certification, they are also more likely to have attained a post-3018

graduate degree.3019

3020

Moving now to the second set of choice tasks, where respondents are asked to3021

consider an offer to transfer their NFM obligation to other farmers in exchange3022

for their government NFM payment. In this case, a lower trading ratio for the re-3023

spondent means a higher ratio for the trading counterparty, for whom the NFM3024

obligation taken on will be proportionally smaller. Table 4.6 shows the latent class3025

results after these respondents have been dropped from the analysis. Consistent3026
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Figure 4.9: Socio-demographic and behavioural predictors of latent class membership in

choice experiment 2: WTA

with the willingness-to-accept case, Class I displays a preference for engaging in3027

trading, while Class II is indifferent. Also consistent is that Class I displays cost-3028

minimising and transitive preferences (Loomes et al., 1991) for a higher trading3029

ratio, while Class II does not display a significant enough preference for either ra-3030

tios of 10 or 20 over 5. Both the payment- and transaction fee taste parameters are3031

significant and negative within Class I, in expectation with the theory. Only the3032

payment parameter is statistically significant and negative within Class II.3033

3034

Test of Hypotheses II and III: I can reject the null for Hypothesis II across the3035

willingness-to-accept and willingness-to-pay scenarios as regards farmers in the3036



179

high engagement class. There is a consistent and significant preference for higher3037

trading ratios. Across 10, 000 draws, 0% (WTA) and 0.5% (WTP) agree with the3038

null hypothesis. I fail to reject the null as regards the low engagement class. I3039

report evidence in favour of Hypothesis III for the high-engagement class. In both3040

scenarios, high-engagement respondents display a significant preference for lower3041

transaction costs.3042

3043

Table 4.6: DCE II: Willingness to pay

Attribute Taste Parameters Reference level

Class I Class II

ASCSchemeA 5.31 1.04 ASCOptout
(0.43)

∗∗∗
(0.54)

ASCSchemeB 4.87 1.01 ASCOptout
(0.38)

∗∗∗
(0.54)

Trading Ratio = 10 0.73 0.09 Trading Ratio = 5

(0.19)
∗∗∗

(0.30)

Trading Ratio = 20 1.26 0.44 Trading Ratio = 5

(0.29)
∗∗∗

(0.34)

Transaction Fee (%) -0.12 -0.04

(0.02)
∗∗∗

(0.03)
∗

Payment -7.21 -4.71

(0.69)
∗∗∗

(1.28)
∗∗

Summary of class allocation for model: Class 1 (76%) and Class 2 (24%)

Adj. R2
vs observed shares: 0.19, BIC: 1945

4.6.3 Monetary cost estimates3044

Taste parameters for attributes in preference space can be expressed in monetary3045

terms by dividing them by the parameter for the payment or cost attribute. Such3046

transformations invite us to think of the taste parameters in terms of the change3047

in payment required to choose the attribute level over the reference level (Hess &3048

Palma, 2019). In the case of accepting government payment, preference for a par-3049

ticular attribute of the NFM scheme would manifest as a negative value because3050
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the respondent is willing to accept lower compensation if the scheme features the3051

preferred attribute.3052

3053

Conversely, a positive value means that higher compensation is required to incen-3054

tivise respondents to choose that option, indicating that it is less attractive. In the3055

choice set testing respondents’ willingness to pay to absolve themselves of their3056

NFM obligations, a positive value indicate preference because the respondent is3057

willing to pay more for that option. A negative value on the other hand means3058

that respondents are willing to pay less.3059

3060

Figure 4.10 shows the taste parameters from the first choice experiment 4.4 ex-3061

pressed in monetary values. The latent class model is also augmented with a3062

mixed logit model allowing for individual-specific preferences. This allows me to3063

visualise the distribution of monetary values across the sample. I also distinguish3064

members in the high engagement class from the low engagement class. In addition3065

to illustrating the smaller size of the low engagement class, it also reaffirms that3066

values in this class are typically clustered closer to zero.3067
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Figure 4.10: Choice experiment 1: Monetary values for NFM scheme attributes estimated

using a mixed logit model
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Respondents in the high engagement class are on average willing to accept ca £2003068

less per year in compensation if the NFM features can be placed along field- or river3069

edges, instead of on the field. Most respondents are also willing to give up ca £1003070

per year to create natural regeneration features instead of planted trees. Respon-3071

dents in both classes typically demand in the region of £500-£1500 more per year3072

to retire an additional hectare of land. The estimated land endowment elasticity is3073

distributed around 0.055 and not significantly different from zero, which indicates3074

that the input factor productivity of agricultural land is close to 1.3075

3076

Figure 4.11 shows the taste parameters from the willingness-to-accept scenario3077

expressed in monetary values. The payment attribute is valued in £/hectare, and3078

taste parameters therefore represent the change in payment per hectare required3079

to choose the current level over the reference level. Respondents are willing-to-3080

accept on average around £65-£75 less per hectare per year to be offered a trading3081

ratio of 10 over a ratio of 5. They are willing to accept on average £300-£400 less3082

for a trading ratio of 20 than a ratio of 5.3083

3084

In terms of land value, a trading ratio of 5 means respondents would need to create3085

an additional
1/5 hectares of NFM to get the full payment. A ratio of 10 means an3086

additional
1/10 hectares, and a ratio of 20 an additional

1/20. This means that the3087

choosing the ratio of 20 over the ratio of 10 rewards a 475% reduction in the amount3088

of land set aside. Conversely, the reduction in willingness-to-accept is more than3089

600%. The effect on willingness-to-pay from increases in the trading ratio is more3090

than proportional. This suggests that there are few barriers to a functional trading3091

market from farmers on high runoff potential land who would be facing high trad-3092

ing ratios. One remaining barrier may be transaction costs, depending on how the3093

program is designed. An increase in the transaction fee by one percentage point3094
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of the per hectare payment increases the required payment by ca £20.3095

3096

Figure 4.12 shows the effects of trading scheme features on respondents’ willingness-3097

to-pay to opt out of their NFM obligations. Preferences for a higher trading ratio3098

are lower than in the willingness-to-accept scenario. Only ca 50 respondents are3099

willing to pay more than £100 more per year to have the ratio of 20 instead of3100

the ratio of 4. The the willingness-to-pay is ca £15 lower per percentage point in-3101

crease in the transaction cost. The magnitude of this effect is approximately £5 per3102

percentage point lower than for the WTA scenario. At the reference level for the3103

trading ratio, the perceived value of opting into the scheme is greater in the WTP3104

scenario than in the WTA scenario, although the value is positive in each case. This3105

means that a meaningful transaction cost may further magnify the divide between3106

the two sides of the hypothetical market.3107
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Figure 4.11: Choice experiment 2a: Individual monetary values for NFM trading program

(willingness-to-accept)
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Figure 4.12: Choice experiment 2b: Individual monetary values for NFM trading program

(willingness-to-pay)
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4.6.4 Cost-effectiveness analysis of payments for NFM with3108

a spatially targeted trading program3109

I use SCIMAP-Flood (Reaney, 2022) to identify two 10-by-10 kilometre samples of3110

predominantly agricultural land from the Eden catchment. The two samples and3111

their respective distribution of runoff generation risk scores are shown in figure3112

4.13. The average area-wide risk score for the high-risk sample is 0.11 and the3113

average area-wide risk score for the low-risk sample is 0.03. This gives two hy-3114

pothetical farm located in the high- and low-risk areas respectively a trading ratio3115

between them of only 3.63. In practice, most farms in the study are significantly3116

smaller then these sample areas, which allows for higher trading ratios. For exam-3117

ple, the top 10% of the high-risk area (1000 hectares) has an average risk score of3118

0.2 while the bottom 10% of the low-risk area has an average score of 0.01. The3119

trading ratios between these segments would be 20, which is the upper limit in the3120

choice experiments. Runoff risk hotspots are typically clustered together as shown3121

in figure 4.13 which makes ratios in the 5-20 range realistic between actual pairs3122

of farms.3123

3124

On each of these samples of geography, I simulate the two types of NFM features3125

in four spatial configurations introduced in section 4.5. These include planted3126

broadleaf trees and natural regeneration, arranged in a contiguous patch cover-3127

ing both active- and inactive farmland, in-field corridors, field-edge corridors, and3128

in-field islands. Corridors and islands also come in widths of 10 and 20 meters.3129

Benefits from the schemes are defined as the overall reduction in runoff genera-3130

tion risk scores per square meter of NFM features created.3131

3132

The risk reduction can be linearly scaled up for larger features (Reaney, 2022). The3133

effect in the low-risk and in the high-risk area are displayed in figure 4.14. I find3134
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Figure 4.13: Geographic distribution of runoff generation risk produced by SCIMAP-Flood
(log-transformed) for two 10x10 kilometer sites in the Eden catchment, North West England.

that the in-field islands consistently deliver the greatest benefit per area of NFM3135

produced, followed by the singular, contiguous patch. This is within expectations,3136

as compared to corridors, islands require far less land to be set aside for NFM at any3137

given NFM intensity, expressed as the gap between the corridors/isles. In-field cor-3138

ridors are marginally the second most efficient option. This is also directionally3139

within my expectations, as surface roughness and soil penetration are typically3140

poorer on the field compared to field boundaries where more diverse vegetation3141

may already contribute to runoff reduction.3142

3143

Planted trees are approximately 40% more efficient than natural regeneration for3144

in-field islands and 20% more efficient for other spatial configurations. These ef-3145

fects are directionally expected as trees contribute to prevent soil erosion and to3146

absorption capacity (Weninger et al., 2021).3147
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Figure 4.14: High-risk (upper) and low-risk (lower) area-wide mean reduction in runoff

risk per m
2

of NFM created, by feature type, spatial configuration, and NFM intensity
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I now move on to simulate trading between the two areas. Figure 4.15 shows for3148

each NFM scheme how the resulting reduction in runoff risk changes as the NFM3149

obligation (0.5% of productive farmland) is transferred from the low-risk area to the3150

high-risk area. The white circles represent the post-NFM reduction in runoff risk3151

for each NFM scheme before trading. The coloured circles represent the post-NFM3152

reduction after trading. In this case, the low-risk farm does not maintain any NFM3153

features, and the high-risk farm maintains their original obligation (0.5%) plus
1/3.63154

of the low-risk farm’s obligation. The risk reduction per m
2

improves because the3155

total amount of NFM created is only ca 65% of the amount without trading. By3156

the same logic, in-field islands benefit the most, because a smaller total amount of3157

land devoted to this configuration can be spread out across a larger area.3158

3159

I now incorporate monetary values from the choice experiments to appropriately3160

do a costing of each of these hypothetical schemes. I know from DCE I that farm-3161

ers value a one hectare increase in the amount of NFM created at approximately3162

£1000 per year. I also know that farmers perceive planted trees as ca £100 more3163

expensive per
1/20 hectare per year, compared to natural regeneration. Finally, I3164

recall that the stated cost of in-field placement of features is approximately £2003165

per
1/20 hectare in excess of the cost for field-edge features. I add these differences3166

in cost to a baseline payment of £500 per
1/20 hectare per year.3167

3168

Figure 4.16 illustrates the effect on the total government spending required annu-3169

ally to maintain a NFM obligation of 0.5% of productive land for each farm. The3170

white circles represent the required spending before a market for obligations in3171

introduced and the coloured circles represent the required spending when trading3172

is allowed. I also incorporate the additional costs associated with facilitating the3173

trade, in the form a a transaction fee. For natural regeneration, trading represents3174
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a cost saving of ca £30,000 per year for a contiguous patch, in-field corridors and3175

in-field islands.3176

3177

Trading represents a £10-15,000 cost saving for field-edge corridors. The cost sav-3178

ings are consistently larger for a planted tree scheme than for natural regeneration.3179

This is because a more expensive scheme (planted trees) benefits more as a result3180

of the greater land use efficiency from trading. Across the board, a higher trans-3181

action cost reduce the cost savings achievable from trading, although even at 10%3182

of the payment trading reduces the overall cost by no less than £10,000.3183

3184

Figure 4.15: Reduction in runoff risk per m
2

of NFM created, by feature type, spatial config-

uration, and NFM intensity. White circles represent the reduction without trading. Coloured

circles represent the reduction with trading.
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Figure 4.16: Required government spending to ensure 0.5% NFM obligations, by feature

type, spatial configuration, and NFM intensity. White circles represent the cost without trad-

ing. Coloured circles represent the cost with trading.
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4.7 Limitations3185

A key assumption underlying discrete choice modelling is that individuals have3186

well-formed preferences that are stable over time. In practice, even repeated choices3187

in the very near term such as the repeated choice tasks in the online survey, fre-3188

quently display some degree of preference instability. This is a particular risk when3189

the choice tasks are cognitively taxing for respondents, for example due to com-3190

plexity or unfamiliarity (Hess et al., 2012). Figures 4.17 and 4.18 show preference3191

stability for higher trading ratios across 12 choice tasks, six in the willingness-to-3192

accept scenario and six in the willingness-to-pay scenario. With reference to the3193

first choice task in each scenario, the figures display the proportion of respondents3194

who maintain their preference in each subsequent choice task. The proportions are3195

not cumulative, i.e. a respondent may choose inconsistently in the second choice3196

task and return to their initial preference in the third. On the horizontal axes are3197

shown the choice task as well as the payment trade-off for a higher trading ra-3198

tio. A negative number means that the high trading ratio option is less attractive3199

financially, and a positive number means that it is more attractive. Note for ex-3200

ample task 2 (+£40) in the willingness-to-accept scenario and task 3 (+£20) in the3201

willingness-to-pay scenario. In these cases, the option with the higher trading ra-3202

tio is strictly dominant as it is also more advantageous financially. Nevertheless,3203

only ca 70-75% of respondents maintain their preference for higher trading ratios3204

from task 1.3205

3206

Furthermore, 95 respondents chose the strictly dominated alternative in these two3207

tasks, featuring a worse trading ratio, a higher transaction fee (paid by the respon-3208

dent), and a higher payment. I hypothesise that this was a result of ambiguous3209

wording on the choice card. In particular, the description of the payment attribute3210

specified the £/ha amount from the trading counterparty’s point of view. In other3211
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words, a higher trading ratio chosen by the respondent (e.g. 5 over 10) allows the3212

counterparty to set aside less land for the same payment, attributing a higher £/ha3213

value to the land. Indeed, their land is more valuable in terms of flood risk reduc-3214

tion. I suggest that respondents may have chosen irrationally if they perceived3215

this higher £/ha value as a cost to them. These respondents display negative tastes3216

for more favourable trading ratios. Any future attempt at replicating my results3217

should express land values in terms of hectares per pound sterling: With a lower3218

trading ratio, respondents in the willingness-to-pay experiment encourage their3219

counterparty to set aside more land for NFM with the same payment.3220

3221

More encouraging is that the rational respondents can be consistently distinguished3222

from the irrational ones throughout the choice tasks. Looking at the compari-3223

son between rational and irrational respondents in figure 4.18, I observe that the3224

rational group responds more clearly to incentives. In task 2 of the willingness-3225

to-accept scenario with a comparatively large financial payoff from choosing the3226

high-ratio alternative, the rational group (blue) is more likely to choose that op-3227

tion. Conversely in task 4, which imposes a steep payment penalty from choosing3228

the high-ratio option, the rational group is less likely to choose it than is the irra-3229

tional group. The same dynamic is observed in the willingness-to-pay scenario.3230

3231

Two perspectives on the source of preference instability are commonly presented:3232

Discovered versus constructed preferences (Matthews et al., 2017). The former hy-3233

pothesises that when people have to make decisions about an unfamiliar issue or3234

in an unfamiliar environment, their initial responses may be impulsive. As they3235

learn about the decision environment (institutional learning) and their own atti-3236

tudes (value learning), their decisions begin to exhibit less randomness and greater3237

rationality. The latter posits that when faced with an unfamiliar or ambiguous3238
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choice, respondents may try to construct their preference on the spot, which may3239

lead to instability. Study of the stability patterns in figures 4.17 and 4.18 reveals3240

that the correlation between preference for high-ratio alternatives and positive fi-3241

nancial payoffs from choosing the high-ratio alternative does not improve appre-3242

ciatively over a series of choice tasks. This rejects the idea of significant learning3243

over time. Instead, the trading scenario and the interpretation of the trading ratios3244

would be rather abstract to respondents. This points towards a preference con-3245

structed with some confusion. In particular as I acknowledge that the choice cards3246

could be worded more accurately in the willingness-to-pay case.3247
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Figure 4.17: Preference stability for higher trading ratios over six sequential choice tasks

across two choice experiments, broken down by educational attainment and stated concern

about flood risk.
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Figure 4.18: Preference stability for higher trading ratios over six sequential choice tasks

across two choice experiments, broken down by land used for grazing and irrational choice of

dominated alternative.
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4.8 Discussion3248

Previous research has shown in different settings (including air- and water pol-3249

lution) that producers of environmental externalities that are geographically re-3250

moved from the source respond less to abatement incentives. It has been proposed3251

that such geographically high risk polluters face less regulatory pressure as envi-3252

ronmental damage may occur outside the jurisdiction in which they operate, and3253

that such firms should face greater incentives to abate. Theoretical work has ex-3254

plored the application of trading ratios to traditional cap-and-trade programs as a3255

way to better target incentives towards firms that are deemed geographically high3256

risk (Fowlie & Muller, 2019; Stranlund & Chavez, 2000). Runoff generation from3257

agricultural land use is a prime example of an environmental externality where3258

flood damages may occur away from the farms. This research shows that, in gen-3259

eral, there is a strong stated willingness among English farmers to enrol in NFM3260

schemes providing payment for creating natural flood management. Participants3261

in the DCE also express a willingness to take over the NFM obligation of another3262

farms at a favourable trading ratio.3263

3264

However, the research reveals notable differences between two groups that I call3265

high- and low engagement respondents. The low engagement group is less likely3266

to want to enrol in the schemes and is less likely to find the spatially targeted trad-3267

ing program attractive. This group is characterised by a much greater propensity3268

to opt out of the schemes altogether, and is moderately less likely to currently be3269

enrolled in a real-life environmental land management scheme. These quantita-3270

tive results add to earlier qualitative work by e.g. Holstead et al. (2017) and Kenyon3271

(2007).3272

3273

Empirical research into the economic efficiency of markets in tradable pollution3274
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permits (Schmalensee & Stavins, 2013, 2017) has downplayed the concern about3275

transaction costs highlighted in theoretical models (Xepapadeas et al., 1997). How-3276

ever, it has been an open question whether transaction costs presents a barrier to3277

trade in ELM contracts between farmers Nguyen et al., 2022. Evidence from be-3278

havioural lab experiments suggests that they do (Banerjee et al., 2017). This work3279

contributes novel evidence on this question by estimating active farmers’ willing-3280

ness to trade NFM obligations when transaction costs exist. Results show that the3281

required base payment needs to increase by ca £15, per hectare per year, for each3282

percentage point increase in the transaction cost. For context, given the range of3283

per-hectare payments in the DCEs, the shift in WTA is approximately equal to3284

the shift in transaction costs. This means that the regulator has limited scope to3285

pass on the transaction costs to farmers. As a result, efforts to remove trading3286

barriers should feature in an attempt to open a spatially targeted market in NFM3287

contracts. For example, output from models of flood risk (such as SCIMAP-Flood3288

presented in this work) can be used in an optimisation algorithm to match pairs3289

of farms where the gradient between risk scores is maximised. The relevant reg-3290

ulator (such as Defra) may host an online platform with the matching algorithm3291

running on the back-end. In this way, farmers who sign up can be matched with3292

the most profitable trades.3293

This research finds significant environmental benefits from trading, both in terms3294

of flood risk reduction and in terms of government spending. In particular, small3295

disconnected islands of retired land with reduced runoff potential on managed3296

fields is a comparatively cost-effective intervention. These results only further3297

highlight the usefulness in incentivising a spatially targeted system. Transaction3298

costs in the form of trading fees do reduce the cost savings from trading, at most by3299

approximately 10%. This is a result of farmers demanding a higher base payment3300

rate to offset the impact of transaction costs. Limited information about prices and3301
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potential buyers and sellers are typical sources of transaction costs in other per-3302

mit markets (Tietenberg, 1990). Defra could increase transparency by providing a3303

digital platform in a similar vein as how it communicates land parcels’ eligibility3304

for other ELM projects.3305

3306

Finally, this work provides new lessons for DCE practitioners on the issue of pref-3307

erence instability. I find that certain respondents make irrational choices, possibly3308

because they have misunderstood the choice task, which may have been poorly3309

presented. These respondents can be clearly identified by tracking stability of3310

their preferences over repeated choice tasks. Results from a hypothetical DCE,3311

featuring relatively abstract schemes for trading NFM contracts, display clear dif-3312

ferences in preference stability between two groups of farmers. Those who chose3313

the cost-minimising option, in a choice task with a fully dominant scheme, re-3314

spond rationally to changes in payoffs through six repeated choices. Farmers who3315

did not choose the dominant option also do not adapt as expected to changes in3316

payoffs. In contrast, differences in preference stability by educational attainment3317

and awareness about flood risk were much less pronounced. Research on com-3318

plicated schemes using hypothetical DCEs may therefore consider introducing3319

a choice task with a dominant option to identify this group and to discuss their3320

choices separately. This procedure offers an ex-post way to identify respondents3321

who, despite efforts by the survey designer, have misunderstood one or several3322

choice attributes. This is particularly relevant when hypothetical DCEs are used3323

to estimate preferences for policies or products that do not yet exist.3324



200



201

Chapter 53325

Voluntary spatial targeting in the3326

presence of coordination costs3327
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5.1 Introduction3328

As well as managing negative externalities (pollution, flooding) environmental3329

land management can produce positive ones. Protecting local ecosystems by plant-3330

ing trees, hedgerows and flower strips contributes to what Costanza et al. (1997)3331

call ecosystem goods and services. Economists would soon discuss the value of3332

ecosystem services like climate regulation, nutrient recycling and pollination. As3333

recognised by Heal (2000), although biodiversity and associated services may seem3334

intuitively valuable and important, their market value is more ambiguous. Key un-3335

certainties relate to the indirect use value of an ecosystem (Nijkamp et al., 2008)3336

where it supports marketed natural resources, such as agricultural yields. Due to3337

the complexity of ecological systems, such values are not obvious but scenarios in3338

Kubiszewski et al. (2020) attribute changes in land management alone to a differ-3339

ence of $81 trillion by 2050.3340

3341

Pollination is one of the most intensely studied ecosystem services due to its link3342

with global food production (Hanley & Perrings, 2019), with Porto et al. (2020) es-3343

timating that US$155 million of research funding had been contributed by 2018.3344

In a literature review, Klein et al. (2007) show that pollinators impact food supply3345

globally, as pollinator-dependent crops contribute to 35% of overall crop produc-3346

tion by volume. It is estimated that 87 of the 115 major crops grown worldwide3347

depend on biotic pollination to set fruits and seeds to at least some degree. Glob-3348

ally, the economic value of pollination is estimated at US$195-387 billion (Porto3349

et al., 2020). Pollination is essential for farming apples, cacao and vanilla and of3350

great importance for buckwheat, pears, and berries Klein et al. (2007). The use3351

of animal pollinated biofuel crops is growing, with the cultivation area of oilseed3352

rape, sunflowers and soybeans increasing by 32% across Europe between 2005 and3353

2010 (Breeze et al., 2015), with ca 320, 000 hectares used for these crops in the UK3354
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(Thompson, 2022). In total, pollination in the UK is valued between £189 million
1

3355

(Breeze et al., 2021) and £379 million (Breeze et al., 2015) per year.3356

3357

Powney et al. (2021) and Potts et al. (2016) show a reduction of wild pollinator pop-3358

ulations at the regional level, especially within Europe and North America. Recent3359

research suggests that the occupancy
2

of bee and hoverfly species has declined by3360

an average of 25% across the UK since 1980 (Powney et al., 2019, 2021). A compara-3361

tive study of European honeybee colonies showed that while there were honeybee3362

deficits (insufficient stocks to supply 90% of national demands) in 22 countries in3363

2010, only the UK and Moldova had a pollinator stock capacity below 25% (Breeze3364

et al., 2014).3365

3366

The causes of pollinator decline include the indiscriminate use of pesticides, bio-3367

logical invasions, genetically modified (GM) crops, intensification and expansion3368

of agricultural practices (Dicks et al., 2016; Potts et al., 2016), as well as habitat3369

loss and fragmentation associated with farming and urbanisation (Donkersley et3370

al., 2014; Potts et al., 2010; Xiao et al., 2016). Properly targeted environmental3371

land management (ELM) schemes provide measurable improvement in fragmented3372

landscapes (Donald & Evans, 2006). Understanding how land management affects3373

pollinator abundance and diversity in combination with other drivers is necessary3374

to design more targeted, adaptive management strategies at national scales (Halin-3375

ski et al., 2020; Lucas et al., 2017).3376

3377

While a developing literature is studying the targeting of ELM projects to achieve3378

optimal pollination benefits (Halinski et al., 2020; Häussler et al., 2017; Image et3379

1
This estimate is based on the market value of crops lost under a 30% reduction in insect polli-

nation

2
Occupancy rates are the proportion of occupied 1km grid squares each year based on presence-

absence models
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al., 2023), recognition that habitat connectivity is a driver of pollination (Jauker3380

et al., 2013) calls for collaboration between farmers (Krämer & Wätzold, 2018).3381

Meanwhile, work on agglomeration bonus payments do not typically treat polli-3382

nator dependence as a differentiator between land managers (Banerjee et al., 2014;3383

Kuhfuss et al., 2016). A recent literature review of 55 studies finds only six empir-3384

ical valuations of coordination bonuses in ELM schemes (Nguyen et al., 2022) and3385

the few examples that incorporate pollination in the production function do not3386

study cooperative equilibria (Kleftodimos et al., 2021). I fill this research gap by3387

modelling a mixed agricultural catchment where creation of natural features may3388

enhance productivity among pollinator-dependent farms. The rest of the chapter3389

is structured as follows: First, I establish the current state of knowledge around3390

landscape fragmentation and its impact on the economic value of pollination. Sec-3391

ond, I apply for the first time a spatially explicit model of pollinator visitation to3392

validate an agricultural production function incorporating pollinator dependence,3393

and identify benefits from connectivity improvements. I explore whether pollina-3394

tion services can be enhanced via coordination between farmers to achieve optimal3395

connectivity improvements. Third, I test the model’s prediction that variation in3396

coordination costs predict connectivity improvements using a discrete choice ex-3397

periment with English farmers. Finally, I discuss the results in context of ongoing3398

revisions to UK ELM schemes and their implications for policy making.3399

5.2 Background literature3400

Insect pollination is a well-studied ecosystem service that supports production in3401

75% of globally important crops (Klein et al., 2007). Insects visit flowering crops3402

to forage for nectar and pollen, that is used for food. When moving from flower3403

to flower, they fertilize the plant by depositing pollen stuck to their bodies (Lucas3404
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et al., 2017). Insects known to benefit crops grown for human consumption are:3405

honeybees; sting-less bees; bumble bees; solitary bees; wasps; hover flies and other3406

flies, and beetles (Klein et al., 2007). Of these, honeybees are the most important to3407

agriculture. To date, the most comprehensive review of pollinator dependence for3408

different crops was done by Klein et al. (2007) who designated insects essential to3409

13 out of 75 crops, with another 30 classed ”highly dependent”. Figure 5.1 shows3410

dependence ratios for important crops in the UK agriculture industry defined as3411

the proportion of yield lost in the absence of pollination (Breeze et al., 2021).3412

3413

Figure 5.1: Estimates of pollination dependence and crop values in the UK from a 2014-2016

survey by Breeze et al. (2021).

As shown in figure 4.1, pollinator dependence as well as economic values vary3414

across crops. Only 25% of oilseed yield is at risk from pollinator decline, but eco-3415

logical studies at experimental fields suggest that restriction of insect visits results3416

in yields 27 − 30% lower (Stanley et al., 2013). Additionally, total UK production3417

was valued at £662M annually in 2016 (Breeze et al., 2021), pricing pollination3418

benefits over £150M per year. In general, the use of pollinated biofuel crops has3419

grown, with the cultivation area of oilseed rape, sunflowers and soybeans increas-3420
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ing by 4.2 million hectares (32%) across Europe between 2005 and 2010 (Breeze3421

et al., 2014).3422

5.2.1 Economic value of pollination3423

The magnitude of the threat from pollinator decline to rural economies and food3424

security has been actively debated (Ghazoul, 2005a, 2005b; Steffan-Dewenter et al.,3425

2005). Although in large commercial systems, stable service through the flowering3426

period is often ensured by beekeepers, pollination services are primarily provided3427

by wild insect communities (Breeze et al., 2021). Increased dependence on com-3428

munities managed by beekeepers would also add costs for farmers. While Kleijn3429

et al. (2015) find that most crop pollination is provided by a limited set of non-3430

endangered species, recent accounting in Powney et al. (2021) shows that overall3431

UK pollinator communities remain at 60% of their 1980 baseline, with no sign of re-3432

covery. Further, honeybee declines in the UK are largely a post-2007 phenomenon,3433

qualifying certain sources in Kleijn et al. (2015) as either internationally oriented3434

(Winfree et al., 2008) or premature (Kleijn et al., 2006). Additionally, while indus-3435

trial farming contributes the majority of agricultural value added, the pollination3436

benefit to yields is typically more pronounced on small farms more sensitive to3437

downside risk (Garibaldi et al., 2016). Nonetheless, the complicated and obscure3438

nature of pollinator benefits to crop yield has meant limited interest in conserva-3439

tion among farmers (Ghazoul, 2005a). Acceptable schemes need to be nonintrusive3440

in day-to-day farm management. There is a need to achieve the greatest provision3441

of ecosystem services (including other environmental goods such as flood manage-3442

ment, proposed in e.g. Forbes et al. (2015)) at the lowest disruption to agricultural3443

land.3444

3445

Crucially, an emerging literature seeks to clarify the relationship between habitat3446



207

connectivity and pollination services. Habitat connectivity - distinct from habi-3447

tat area - refers to the degree to which individual pollinators can easily traverse a3448

landscape to find mates and food (Xiao et al., 2016). For winged insects like bees,3449

butterflies and hover flies, this primarily means access to land parcels of sufficient3450

feeding quality within a certain foraging distance of a suitable nesting site (Lep-3451

ais et al., 2010). Foraging distances vary quite significantly between species and3452

range from 200 to 600 meters among important European pollinators (Häussler3453

et al., 2017).3454

3455

Highly connected habitats suffer from few obstructions like large, continuous ar-3456

eas of non-flowering crops (De Palma et al., 2015), intensive grazing (Le Féon et al.,3457

2013), or water that may result in lower pollinator abundance. In an experimental3458

study set in grazed grasslands and intensely farmed landscapes, Steffan-Dewenter3459

and Tscharntke (1999) found that increasing isolation of small islands of habitats3460

resulted in decreased pollinator abundance of bees. Overall, the academic consen-3461

sus is that connectivity is causally linked to pollination by wild insects (Senapathi3462

et al., 2017).3463

3464

Habitat fragmentation is specifically recognised as a threat to ecosystem service3465

provision in agricultural landscapes (Montoya et al., 2021). However, the impact3466

on crop yields from fragmentation is complex. For example, strategically placed3467

but disconnected patches of trees can support pollination by increasing provision3468

of flower-rich grove edges (Halinski et al., 2020; Ren et al., 2023). The spatial co-3469

existence of crops and natural land can also create spillover effects for provision3470

of ecosystem services broadly defined. Despite a rapidly growing literature, con-3471

cludes Montoya et al. (2021), our understanding of these interactions remains in-3472

complete.3473
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3474

The consensus in the recent ecological literature is that ELM schemes aimed at sup-3475

porting provision of pollination services should be spatially targeted and focused3476

on interventions empirically proven to be effective, including hedgerows (Timber-3477

lake et al., 2019), planted trees (Halinski et al., 2020), and seminatural grassland3478

management (Berg et al., 2019). Spatially explicit models of pollinator visitation,3479

with high-resolution land cover data and parametrized to fit a representative land-3480

scape, are used (Image et al., 2023) to deal with the complexity of pollination pro-3481

vision highlighted in Montoya et al. (2021).3482

3483

I collect land use and crop cover data around 495 surveyed farms in the north of3484

England. I simulate counterfactual landscapes by altering these data with ELM3485

features. I run the simulated landscapes through one such model to disentangle3486

the effect of connectivity from that of habitat size. The model, poll4pop, is a3487

probabilistic model of abundance and visitation rates previously applied to En-3488

glish farmland in Image et al. (2023). I focus on connectivity as it presents a pos-3489

sible channel to improve pollination without larger sacrifices of productive land3490

(Image et al., 2023). These simulations help to specify the functional form of the3491

connectivity-visitation and feature size-visitation relationships. This allows me to3492

propose policy designs that optimise the cost-effectiveness of programs aimed at3493

improving pollination services.3494

5.2.2 Spatial models of pollination3495

Open-source model poll4pop (Gardner et al., 2020; Häussler et al., 2017) is a spa-3496

tially explicit model predicting pollinator visitation rates. Häussler et al. (2017)3497

use the model to estimate the effect of establishing grassy field margins offering3498

nesting resources and a low quantity of flower resources, and/or late-flowering3499
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flower strips offering no nesting resources but abundant flowers, on visitation3500

rates to flowers in landscapes that differ in amounts of linear seminatural habi-3501

tats and early mass-flowering crops. poll4pop adds to earlier models (Lonsdorf3502

et al., 2009; Zulian et al., 2013) by (1) integrating preferential use of more reward-3503

ing floral and nesting resources; (2) considering population growth; (3) allowing3504

for different movement distances for foraging and queen dispersal (Lepais et al.,3505

2010); and (4) producing spatially explicit flower visitation rates.3506

3507

The model is parametrised based on a survey of the literature by Häussler et al.3508

(2017) on pollinator dispersion. As a result, certain parameters are "best guesses"3509

about a pollinator species’ nesting requirements, mean foraging distance, and sur-3510

vival rates. These estimates are shown in table 5.1. In addition, the model uses3511

land cover rasters to represent the agricultural landscape.3512

3513

Table 5.1: poll4pop parameters

Parameter Description Value Source

nmax # nests of max nesting quality 19.6 nests/ha Osborne et al. (2008)

wmax Max # workers per nest 600 Häussler et al. (2017)

pw % foraging workers 50% Brian (1952)

Across a landscape of 10-by-10 meter parcels, land use classes are scored accord-3514

ing to the flower resources they provide. Each land class is scored according to3515

the amount of floral cover it provides, the attractiveness of those floral resources3516

to each pollinator guild (floral attractiveness) and the attractiveness of the nest-3517

ing opportunities the land class provides to each pollinator guild (Gardner et al.,3518

2020). From Häussler et al. (2017), table 5.2 shows floral cover and attractiveness3519

for a sample of land use classes. Floral cover was defined as the proportion area3520

covered by flowers, between 0 and 1, and varies by land cover class. Floral attrac-3521
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tiveness is defined as a score ranging from zero (not at all attractive, never used)3522

to 20 (very attractive, preferred over other flowers).3523

3524

Floral cover is multiplied by floral attractiveness to obtain the species-specific flo-3525

ral value scores. Nesting quality was defined as a score ranging from zero (totally3526

unsuitable) to one (very suitable). As with floral resources, the expected number3527

of nests per cell is defined as the empirical maximum times the nesting quality of3528

the cell. For each landscape, the raster of floral resources for period F is the prod-3529

uct of cell-specific floral coverage, expressed as the proportion of area covered by3530

flowering plants, and a score of the species-specific attractiveness of the typical3531

flowers in a land-use category. From here, visitation of bees from cell j to any3532

other cell i is expressed in the following way:3533

V Rj→i = Xj
Fie

−di,j/β∑
Fqe−dq,j/β

ρ
di,j
F (5.1)

where the parameters including the mean dispersal rate for foraging β and the3534

survival rate per meter during foraging ρ
di,j
F are taken from published literature3535

(Häussler et al., 2017). dij is the distance between i and j. Initial nests and flower3536

resources are allocated from conditional Poisson density distributions based on3537

the floral cover- and attractiveness scores of a given cell’s land use class. Unlike3538

presence-absence models, nests are distributed across the landscape in a proba-3539

bilistic way. The model is parametrised for a social guild (ground- and tree-nesting3540

bumblebees) and a solitary guild (solitary bees). Each is present active within the3541

study area (Image et al., 2022). For the social guild, the model has two periods3542

where queens forage during the first floral period and a subset of workers during3543

the second period. The number of workers in the second period is determined by3544

the resources gathered by the queen in the first period. For the solitary guild, only3545

the queens forage (Häussler et al., 2017).3546
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3547

The total visitation rate at a cell is given by its proximity-weighted floral resources3548

score, relative all other cells within the species’ foraging distance. Xj is the num-3549

ber of foragers originating from cell j and is logically computed by multiplying3550

the attractiveness-weighted number of nests with the number of foraging workers3551

per nest: pw × wmaxnmax when nesting attractiveness is 1.3552

3553

As discussed in the previous section, pollinator visitation has tangible economic3554

importance (Garibaldi et al., 2016). Many agricultural crops are fertilised by pollen3555

exchanged by foraging insects and insufficient visitation can result in lower ge-3556

netic diversity and flower quality output. Pollination is an example of what Ellis3557

et al. (2021) call a ‘weak-link’ problem where agricultural losses are attributed to3558

the land parcels receiving the fewest visits. One variable of interest when evaluat-3559

ing the effect of an ELM scheme is therefore the minimum visitation across a crop3560

field or orchard. Overall visitation is also a predictor of the landscape-level attrac-3561

tiveness to pollinators and community growth (Häussler et al., 2017). Improving3562

the landscape-scale average can therefore also be target from a conservation per-3563

spective.3564

3565
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Table 5.2: Land use categories

Ground-nesting bees Tree-nesting bumblebees

Land use class FA NA FA NA

Coniferous Woodland 4.31 0.28 1.33 0.53

Broadleaved Woodland 12.37 0.54 16.00 0.84

Improved Permanent Grassland 4.52 0.33 4.57 0.29

Unimproved Permanent Grassland 16.13 0.57 20.0 0.08

Growing cereals 1.83 0.40 1.00 0.00

Oilseed rape 16.21 0.41 20.00 0.00

Orchards 17.57 0.72 20.00 0.60

Strawberries 13.3 0.42 18.67 0.00

Notes: FA = floral attractiveness, NA = nesting attractiveness, as per Häussler et

al. (2017). Unimproved permanent grassland later referred to as ”natural regener-

ation”.

5.2.3 Habitat connectivity3566

By connectivity I refer to the accessibility between land parcels suitable for pollina-3567

tor nesting and foraging. Several measures of connectivity have been proposed. A3568

seminal specification by Hanski (1994) and evaluated in Saura and Pascual-Hortal3569

(2007) defines a probability of connectivity (PC) index across a landscape L with3570

area AL as follows:3571

PC =

∑
i=1

∑
j=1 aiajpij

A2
L

(5.2)

3572

where a is the area of a given disconnected habitat patch and pij represents the3573

probability of dispersal between two patches i and j. The probability pij = e−αdij3574

depends on the distance d between i and j, as well as a constant α set such that3575

p = 0.5 for the average dispersal distance of the species. Saura and Pascual-Hortal3576

(2007) highlight a number of advantages of the PC in that it; a) indicates lower3577

connectivity when the distance between patches increases; b) detects as more im-3578
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Figure 5.2: Model process flowchart for poll4pop from Gardner et al. (2024).

portant the loss of bigger patches; and c) detects as less important loss of those3579

connecting patches that leave most of the habitat connected. Studying the rela-3580

tionship between connectivity and bee species richness (separate from visitation)3581

Jauker et al. (2013) simplify the computation of the Hanski index by allowing a3582

connectivity value for every patch. The specification widely applied to pollinators3583

(Jauker et al., 2013; Marini et al., 2014) computes the connectivity index of patch3584

i as CIi =
∑

j ̸=i e
−αdijAj . The landscape connectivity can then be defined as the3585

average across patches.3586



214

3587

Accounting for the distances between habitat patches ensures that different con-3588

figurations of the same aggregated habitat size can result in different connectivity3589

levels. Environmental policy scholars have taken note of this distinction because it3590

provides an avenue to pursue conservation, potentially without taking much agri-3591

cultural land out of production (Krämer & Wätzold, 2018). The following chapter3592

will present a model to predict farmers’ willingness to enrol in such a ELM scheme.3593
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Algorithm 1: Count disconnected patches

To compute the connectivity index, I must define and count all disconnected

habitat patches in the landscape. Here I apply an algorithm colloquially

known as Count Islands (Cormen et al., 2022) and modified for this research

to deal with large raster files. The algorithm counts fragmented patches by

recursively checking if any direct neighbours of a suitable habitat cell are

also classed as suitable. Once no more suitable neighbours can be found,

the recursive search ends and the visited cells are designated an ‘island’.

The recursive method can easily overflow the stack of search functions to

call when the land use raster is large. I solve this problem by recognising

that any habitat cell connected on all sides to other habitat cells can not

contribute or detract from the connectivity count. I declare them as already

visited upon first calling the algorithm:

r←M ×N land use matrix
v←M ×N matrix
count← 0
for m← 1 to M do

for n← 1 to N do
if rn,m ∈ nf and vn,m = 0 then

vn,m ← 1
v← search(r, n,m,v, nf)
count++

end if
end for

end for
where the function search visits the neighbours of rm,n and - if they are

classed as natural features - recursively visits their neighbours. The recur-

sive process continues until no nf neighbour can be found, when the up-

dated matrix of visited cells is returned and the count of islands is increased

by one.

3594

5.3 Model3595

Consider a farm producing some agricultural output Y . Agricultural output is3596

given by a Cobb-Douglas production function displayed in equation (5.3) taking as3597

inputs land Lag, non-land inputs X , and (for some products) pollination V (Daw-3598
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son & Lingard, 1982). The Cobb-Douglas exponents α+β+γ = 1 means constant3599

returns to scale. The Cobb-Douglas function has useful properties with respect to3600

pollinator visitation rates, because when γ = 0 - interpreted as no pollination de-3601

pendence - we get V 0 = 1 for all levels of V and the production is given by XαLβ
ag.3602

There is a saturation effect from increasing pollination inputs, as the probability3603

of fertilising a flower is cumulative with insect visits. I assume that there is no3604

impact of non-land inputs X on pollinator services supplied (e.g. no impacts of3605

higher pesticide use). This simplifying assumption is made for two reasons. First,3606

efforts to reduce pesticides is bundled up with other ELM schemes that were not3607

explored for the survey (Defra, 2022). Second, organic farming typically means3608

greater demands on LAG to maintain yields (Finger & Möhring, 2024). In this case,3609

incentives run counter to the provision of multifunctional benefits (e.g. flood man-3610

agement) explored elsewhere in this thesis.3611

Y = XαLβ
agV

γ
(5.3)

I have previously established pollinator visitation as a so-called weak-link prob-3612

lem where insufficient visitation can result in lower yield quality and/or quantity,3613

but increasing visitation from a healthy baseline is uncertain to increase yields in3614

e.g. oilseed rape (Garratt et al., 2018). On this basis I assume that 0 ≤ γ < 1.3615

Second, I assume a decreasing marginal product from land 0 < β < 1. This is3616

based on a generalisation that the availability of land suitable for specific crops is3617

limited in the UK, that the market is characterised by a plurality of small farms,3618

and that government support programs have traditionally focused on pluriactiv-3619

ity, enhancing the sum of agricultural and non-agricultural incomes (Marsden &3620

Sonnino, 2008). The assumption that 0 < α < 1 goes as follows: Dedicating more3621

labour and capital to a limited amount of land results in diminishing yield returns3622

(Desiere & Jolliffe, 2018). In addition, a shortage of farm workers following Brexit3623
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has worsened the prospect of offsetting production losses with labour. I assume a3624

competitive output market where the individual farmer can not influence the price3625

or collude with competitors to do so. In the absence of government programs, the3626

farm’s objective is to minimise costs subject to meeting its residual demand. It is3627

also constrained by its land endowment, which we assume to be fixed in the short-3628

run, as is typical in production economics.3629

3630

Consider a hypothetical ELM scheme designed to be conceptually similar to the3631

Sustainable Farming Initiative (SFI) piloted by the UK Department for Environ-3632

ment, Forestry, and Agriculture (Defra). It provides funding for long-term, large-3633

scale projects that “restore priority habitats, improve habitat quality, and increase3634

species abundance” in England by, e.g. building or linking nature reserves, creating3635

woodlands, or improving habitat connectivity (Defra, 2022). Specifically aimed to3636

improve connectivity, participating farmers receive an annual payment per meter3637

ℓ of a natural corridor created across their fields. These corridors should have high3638

pollinator attractiveness scores such as flower strips. Additionally, suppose that on3639

top of the annual payment π, the scheme features a bonus payment B for coor-3640

dinating with n neighbouring farmers to connect habitats with strips of set-aside3641

land that improve connectivity (Correa Ayram et al., 2016). I state the Lagrangian3642

from the farmer’s objective function:3643

min L = pXX+rLag+C(n)−πℓ−Bn−µ1(Y −XαLβ
agV

γ)−µ2(L̄−Lag−wℓ)

(5.4)

The length of the corridors enters into the land endowment constraint because the3644

scheme will plausibly specify a minimum width, w, such that the area wℓ is added3645

to the retired area. This implies that the farmer should view w as a scaling-up3646
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factor for the amount of natural features they need to create, which leads us to the3647

first hypothesis used in validating the model:3648

3649

Hypothesis I: Farmers require a larger government payment to increase the width3650

of any natural corridors created on their land.3651

3652

Pollinator visitation V is a function of connectivity enhanced both by the length of3653

corridors cutting through the agricultural landscape and the geographical extent3654

of those features increased by n. I assume that the corridors are placed in such a3655

way that both ℓ and n increase connectivity. Coordination with neighbours may3656

involve costs that we call coordination costs C(n) where C ′(n) > 0, as they need3657

to communicate and agree on corridor placements that may be suboptimal for the3658

individual. The farmer chooses their amounts of X , Lag, ℓ, and the number of3659

neighbours to collaborate with.3660

∂L
∂X

= pX + µ1αX
α−1Lβ

agV
γ = 0 (5.5)

3661

∂L
∂Lag

= r + µ1βX
αLβ−1

ag V γ + µ2 = 0 (5.6)

3662

∂L
∂ℓ

= −π + µ1γX
αLβ

agV
γ−1V ′(ℓ) + µ2w = 0 (5.7)

3663

∂L
∂n

= −B + C ′(n) + µ1γX
αLβ

agV
γ−1V ′(n) = 0 (5.8)

From the first-order conditions and the constraints we can derive the demand func-3664

tions for the cost-minimising allocations of ℓ. The demand for corridor length is:3665

ℓ∗ =
1

w

L̄−
 Y[

α
β
π+rw−(B−C′(n))ϕ

p

]α
V γ

 1
α+β

 (5.9)

3666
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where ϕ = V ′(ℓ)/V ′(n) > 0, i.e. the ratio of marginal visitation rate from corridor3667

length to the marginal rate from coordination. When ϕ < 1, the marginal effect3668

from coordination with neighbours is larger, for example because connectivity on3669

the farm level is already sufficient or because the farm itself is small compared3670

to surrounding ones. We refer to ϕ as the connectivity insensitivity ratio, recall-3671

ing the Hanski connectivity index. The following reasoning provides the name:3672

When ϕ > 1, the pollinator visitation rate increases more from the marginal in-3673

crease in the amount of habitat created in a given fixed-size plot of land (V ′(ℓ),3674

than from the marginal increase in habitat connection with neighbouring fixed-3675

size plots (V ′(n)). Connecting corridors across neighbouring plots increases the3676

connectivity index but does not increase the amount of habitat in each pixel. ϕ > 13677

implies a relative insensitivity to marginal connectivity improvements.3678

3679

Figure 5.3 displays 3-D space as 2-D contours from the demand function for cor-3680

ridors ℓ for variation in ϕ and γ, the pollinator dependence of the farmer’s crops.3681

Under Cobb-Douglas production, the marginal demand for an additional meter of3682

corridor is positive and diminishing in γ. Conditional on the assumption that farm-3683

ers consciously internalise pollination benefits, those who grow crops more reliant3684

on pollinators are expected to create more ecological corridors, given certain pay-3685

ment and coordination bonus. When marginal coordination costs are increasing3686

with the number of coordinating neighbours (C ′(n) = n2
), the optimal corridor3687

length will increase in ϕ when a) there is zero coordination, be independent of3688

ϕ when b) there is one coordinating neighbour, and decrease in ϕ when c) there3689

are two coordinating neighbours. In case a) marginal coordination costs are zero3690

and demand for NFM on the farmer’s own land will decline at a steeper rate as3691

V ′(n) > V ′(ℓ), i.e. ϕ < 1.3692

3693
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In this case, substituting own NFM for more coordination is not only lower cost3694

but also improves visitation at the margin. In case b) the marginal coordination3695

cost of 1 is equal to the coordination bonus (assuming unit prices) and so ϕ disap-3696

pears from the demand function. To see why this result is necessary, imagine that3697

V ′(n)→ 0 and therefore that ϕ→∞. For example, one could imagine hypothet-3698

ical pollinators with a maximum foraging distance of only a meter, at which point3699

coordination with habitats on neighbouring farms would be close to useless. But3700

when the marginal coordination cost equals the coordination bonus C ′(n) = B,3701

the cost of additional coordination is zero. It follows that there is no value for3702

V ′(n) > 0 small enough to dissuade the farmer from coordinating with one ad-3703

ditional neighbour. Then, the amount of NFM created by the farmer will depend3704

only on their pollinator dependence. Similar reasoning applies for linear- and di-3705

minishing marginal coordination costs.3706

3707

Häussler et al. (2017) also suggest that the introduction of natural features such3708

as flower strips can induce competition for pollinators among pollinated species,3709

including flowering crops. Under such competition the creation of flower-rich cor-3710

ridors in a field where pollinator-dependent crops are growing may result in a3711

marginal decline in visits to these economic crops. In this edge case V ′(ℓ) < 0 and3712

ϕ < 0. V ′(n) is assumed to be strictly positive.3713

3714

With increasing marginal costs, farmers favour the payment for ecological corri-3715

dors over the coordination bonus. From the first order conditions (5.5) and (5.8), I3716

show that the farmer is expected to choose their level of coordination n such that3717

B − C ′(n) = −(γ/α)pXV ′(n)/V . The farmer may engage in coordination even3718

if the marginal coordination cost exceeds the bonus if the loss is offset by sav-3719

ings in capital inputs from improving pollination. Under the assumption that the3720
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Figure 5.3: Simulated demand for ℓ plotted against pollinator dependency (γ) and the con-

nectivity insensitivity ratio ϕ. From left to right, demand contours are shown for increasing,

stable, and diminishing coordination costs, respectively.

marginal coordination cost is positive, C ′(n) > 0, we can formulate the following3721

hypotheses:3722

3723

Hypothesis II: Farmers will express a preference for a lower level of coordination3724

over a higher level of coordination when the bonus is held constant.3725

3726

Increased information sharing has been found to increase efficient coordination in3727
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an experimental setting (Nguyen et al., 2022). However Banerjee et al., 2014 cau-3728

tion that this efficient equilibrium may deteriorate over time. For example, a farmer3729

may falter in trust that her immediate neighbour will cooperate if she learns that3730

more distant peers in the local network have not. This risk is mitigated when there3731

is a strong social connection between a farmer and their immediate neighbours3732

(Banerjee et al., 2017). Familiarity facilitates greater trust between neighbouring3733

farmers that coordination will persist. As a corollary to hypothesis II, the effect of3734

social connection on the preference against coordination is tested in hypothesis III:3735

3736

Hypothesis III: Farmers expressing a strong social connection with their neigh-3737

bours display a weaker preference for a lower level of coordination when the bonus3738

is held constant.3739

3740

In this section we have presented a model of agricultural production which ac-3741

knowledges the contribution of pollination services by incorporating crop visita-3742

tion and pollinator-dependence. The model predicts that visits to crops by polli-3743

nating insects can be enhanced by increasing the habitat connectivity of the agri-3744

cultural landscape, and possibly by replacing productive farmland with more at-3745

tractive habitats such as broadleaf trees or corridors set aside for rewilding. The3746

exact prediction from the model follows from my assumptions about ϕ, verbalised3747

as Hypothesis IV in table 5.3.3748

3749

If ϕ < 0, the natural features compete with pollinated crops for visits from pol-3750

linators. In this case, hypothesis III predicts that increasing either the amount of3751

natural features, LNF , or the degree of connectivity-enhancing coordination be-3752

tween neighbouring farms, n, will have a negative effect specifically on pollination3753

of economic crops. If ϕ > 1, increasing LNF also increases crop visitation. Specif-3754
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ically, visitation depends primarily on the amount of habitat created, more than3755

connectivity improvements. This could be true if, for example, more natural fea-3756

tures support more nests but long foraging distances mean that the placement of3757

features can not inhibit visitation. Conversely, if 0 < ϕ < 1, increasing total area3758

of created natural features increases crop visitation, but primarily through the in-3759

creasing habitat connectivity channel. In this case, scaling up the amount of land3760

used for natural features will improve visitation but mostly insofar as it improves3761

connectivity.3762

3763

Crucially, this also determines whether visitation can be improved by arranging3764

a set amount of features in a way which improves connectivity. By testing this3765

hypothesis, we provide policy-relevant guidance on the viability of programs that3766

seek to maximize connectivity while retiring a limited amount of productive land.3767

3768

Table 5.3: Predictions from the magnitude of connectivity insensitivity ratio ϕ

Hypothesis IV Prediction

ϕ < 0 ∂V
∂LNF

< 0

0 < ϕ < 1 0 < ∂V
∂LNF

< ∂V
∂n

ϕ > 1 0 < ∂V
∂n

< ∂V
∂LNF

5.4 Econometric modelling3769

Hypotheses I-III are tested by estimating taste parameters for individual attributes.3770

This is done by estimating a latent class model, using data recorded from the ques-3771

tionnaire. Following the procedure from chapter 3, taste parameters from the hy-3772

pothetical DCE are estimated using a latent class logit model (Greene & Hensher,3773
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2003). This approach helps to identify and understand the different consumer seg-3774

ments that may exhibit diverse decision-making patterns, which can be helpful for3775

designing targeted policy interventions (Tyllianakis et al., 2023). It was communi-3776

cated to respondents that the natural features were the same as in DCE I and that3777

he bonus scales linearly with the number of neighbours. If the respondent does3778

not coordinate with anyone, the bonus payment is always zero. If they coordinate3779

with at least one neighbour, the payment to each coordinating farmer is multiplied3780

by their total number (including the respondent). In addition to the five attributes3781

listed in table 5.4, I interact the coordination attribute with an indicator variable3782

which takes the value of 1 if the respondent states that they regularly share farm3783

equipment with a neighbour, following Sheremet et al. (2018). Approximately 45%3784

of survey respondents indicated that they share equipment with neighbours. The3785

frequency is greater than in Sheremet et al. (2018) and can be explained by noting3786

that northern England is more densely populated than Finland. I treat this variable3787

as an indicator of generalised collaboration costs. The hypothesis is that current3788

regular collaboration with neighbours, e.g. sharing of farm equipment, is indica-3789

tive of lower coordination costs due to habit formation and pro-social attitudes3790

(Banerjee et al., 2014).3791

3792

Table 5.4: Discrete choice attributes and levels

Attribute Levels

Type: The corridor feature Natural Regeneration,

Planted Broadleaf Trees

Width (w): The required width of corridors 10 meters, 20 meters

Coordination (n): The number of connected farms None, One, Two

Bonus (B): One-time bonus payment per connected

farm

£100, £200, £300, £400

Payment (π): Annual payment per 100m of corri-

dor

£200, £300, £400, £500
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Continuing to follow Boxall and Adamowicz (2002), the number of classes is de-3793

cided based on minimising the Bayesian Information Criterion (BIC). Models with3794

2−4 classes were estimated, but with no more than two classes did the model con-3795

verge. The BIC for the two-class model was 4612 compared to 4796 for the base3796

MNL model. Accordingly, the model with two latent classes is estimated, with the3797

utility from option (ELM scheme) i specified as follows:3798

Us,i = ASCi,s + ASCi,s ×GRAZING+

βTREES,s × TREES + βWIDTH20m,s ×WIDTH20m+

βCOORDINATIONn=1,s × COORDINATIONn=1+

βCOORDINATIONn=2,s × COORDINATIONn=2+

βBONUS,s ×BONUS + βPAYMENT,s × PAYMENT+

β(n=1)×SHARING × (COORDINATIONn=1 × SHARING)+

β(n=2)×SHARING × (COORDINATIONn=2 × SHARING) + δs

(5.10)

Equation (4.10) models the utility that farmers in class s derive from choosing op-3799

tion i. The attributes are described in table 4.6. The alternative-specific constant,3800

ASCi,s, is interacted with a variable indicating the proportion of land the respon-3801

dent uses for grazing. Hypothesis I is stated as the following null and alternative3802

hypotheses. It is evaluated using a one-sided t-test.3803

H0: βWIDTH20m = 03804

H1: βWIDTH20m < 03805

Hypothesis II is stated as the following null and alternative hypotheses. H1 is a3806

joint inequality and is evaluated via 10, 000 draws from the bivariate distribution3807

of βCOORDINATIONn=1,s and βCOORDINATIONn=2,s, following the procedure in sec-3808

tion 4.4 of chapter 4:3809
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H0: βCOORDINATIONn=2 = βCOORDINATIONn=1 = 03810

H1: βCOORDINATIONn=2 < βCOORDINATIONn=1 < 03811

To test hypothesis III, the coordination attribute (deciding whether the farmer has3812

to connect ELM features with zero, one, or two neighbours) is interacted with a3813

binary variable indicating whether the they regularly share farming equipment3814

with neighbours. This is used as a proxy for coordination costs, assuming that3815

farmers who collaborate with neighbours professionally find it easier to coordi-3816

nate. The null hypothesis is rejected if farmers facing low coordination costs are3817

significantly more likely to coordinate:3818

H0: β(n=2)×SHARING = β(n=1)×SHARING = 03819

H1: β(n=2)×SHARING > β(n=1)×SHARING > 03820

5.5 Simulation of pollination services3821

The poll4pop model calculates visitation rates for each cell in a raster based on3822

land cover data over the same extent and resolution and estimates of ecological3823

parameters from published literature (Häussler et al., 2017). I use the most re-3824

cent 10m
2

resolution land cover data provided by the UK Centre for Ecology and3825

Hydrology (Rowland et al., 2020) and crop cover data provided by the Rural Pay-3826

ments Agency of the UK. I select a 4km
2

area around the location of each farm in3827

my sample as a baseline in an effort to capture the possible effect from connectivity3828

and coordination between neighbouring farms (the area can fit four average-sized3829

farms of 100 ha) while ensuring estimates that are relevant to the individual farm.3830

3831

The model was first applied to Swedish data (Häussler et al., 2017) but have since3832

been used to evaluate the effectiveness of environmental land management inter-3833

ventions in the UK (Image et al., 2023). This recent work has shown that hedgerow3834
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or woodland edge management had the largest positive effect on pollination ser-3835

vice change, due to high resource quality. Fallow areas were also strong drivers,3836

despite lower resource quality, implying effective placement. Interventions had3837

stronger effects where there was less pre-existing semi-natural habitat. The visi-3838

tation model has been validated for application to English agricultural landscapes3839

(Gardner et al., 2020; Image et al., 2023) but specifying its relationship with connec-3840

tivity is outside the scope of these studies. In this article, following the suggestions3841

in Image et al. (2023), I study two hypothetical interventions; (1) planted broadleaf3842

trees and (2) natural regeneration where land is taken out of production and flow-3843

ers protected from grazing. I calculate expected visitation rates before and after3844

each intervention.3845

3846

As in chapter 4 I study four different spatial configurations of these natural fea-3847

tures: i) Corridors along field edges, ii) in-field corridors, iii) evenly distributed in-3848

field islands, and iv) a contiguous patch of land at the edge of field, but nonetheless3849

taking a portion of farmland out of production. In each case i) to iii), I let the width3850

of the features be either 10 meters or 20 meters across, mirroring the attributes in3851

the choice experiment. The size of the contiguous patch was determined so as to3852

match the combined area set aside for field-edge, and in-field corridors. The in-3853

field islands are small 10× 10 or 20× 10 meter patches that are distributed evenly3854

across the field. I let the gaps between corridors and islands vary between 200,3855

300, 500, and 800 meters. Larger gaps between natural features mean less farm-3856

land taken out of production and less need for coordination between farmers, at3857

the expense of fewer habitats and less connectivity.3858

3859

For each combination of feature type, spatial configuration, feature width, and fea-3860

ture gap, I compute average crop visitation rates and total pollinator abundance3861
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using poll4pop. I compare these two metrics for the treated and untreated land-3862

scape, without added natural features. I repeat this procedure for a 4 km
2

area3863

around each farm in the survey sample.3864

5.5.1 Visitation model inputs3865

The poll4pop model takes as inputs two sets of data. Species-specific parame-3866

ters and land use data. The species-specific parameters include the nesting- and3867

foraging attractiveness of each land use class and the foraging distance for each3868

pollinator species. The species-specific parameters are provided in Häussler et al.3869

(2017) and summarised here in tables 5.1 and 5.2. As land use inputs I use the crop3870

map of England (CROME).3871

3872

Crop Map of England: CROME (Rural Payments Agency, 2021) is a polygon3873

vector dataset mainly containing the crop types of England. The dataset contains3874

approximately 32 million hexagonal cells classifying England into over 15 main3875

crop types, grassland, and non-agricultural land covers, such as Woodland, Wa-3876

ter Bodies, Fallow Land and other non-agricultural land covers. The classification3877

was created automatically using supervised classification (Random Forest Classi-3878

fication) from the combination of Sentinel-1 Radar and Sentinel-2 Optical Satellite3879

images during the period late October 2021 – September 2022. The results were3880

checked against survey data collected by field inspectors and visually validated.3881

CROME has been repeatedly used for research in ecology and agricultural science,3882

including in Image et al. (2022), Image et al. (2023), and Upcott et al. (2023). Exam-3883

ples of CROME maps and simulated natural features are displayed in figure 3.2.3884

3885

Distributions of crops across a sample of 306 farms are displayed in figure 5.4.3886

Grassland is by some margin the most common land use type in the agricultural3887
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landscapes, with a median land cover share of 81%. Broadleaf woodland serves as3888

naturally occurring habitat for tree-nesting bumblebees, but rarely makes up more3889

than 10% of the land surrounding sampled farms, and most commonly less than3890

5%. Pollinator-dependent economic crops occur in the form of oilseed rape and3891

field beans but make up only a minority of the agricultural land use.3892

3893

Following Häussler et al. (2017), I focus on three groups of pollinators, ground-3894

nesting solitary bees, ground-nesting bumblebees and tree-nesting bumblebees.3895

Ground-nesting bumblebees (Andrena) make up 75% of foraging bees species. No-3896

table examples native to the UK include the red mason bee and the tawny mining3897

bee. Many species in this group are small in body size (1-2cm) which is associated3898

with comparatively short foraging distances of 100-300 meters (Antoine & Forrest,3899

2021). Less mobile species are of particular interest when estimating the value of3900

connectivity improvements, as these may be vulnerable to habitat fragmentation3901

even at small scales.3902
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Figure 5.4: Land use distributions across sampled farms
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Bumblebees fill an important niche as effective pollinators in temperate and wet3903

climates (Liczner & Colla, 2019). A growing body of evidence highlight the impor-3904

tance of trees as nesting sites (Mola et al., 2021). Running poll4pop on the sim-3905

ulated landscapes, I estimate lower quartile average, and upper quartile visitation3906

rates to economic crops at both the landscape and field scale. I focus in partic-3907

ular on oilseed rape and broad and field beans, that display moderate pollinator-3908

dependence (Breeze et al., 2021). Specifically, the visitation rate V Rij is the rate3909

at which flowering crops within cell i in the field is visited by foraging bees from3910

cell j.3911

3912

I judge the effectiveness of each scheme on the basis of the resulting change in3913

average visitation rates across cells used for pollinated economic crops. The insect3914

pollinated crops featuring in the crop cover data are oilseed rape, field beans, each3915

with ca 25% of yields at risk from pollinator declines. While no attempt is made3916

in this thesis to translate the change in visitation to a change in yields, the polli-3917

nator dependence chart in figure 5.1 provides guidance. I compute the aggregate3918

visitation from all three pollinator species in the model. The change is calculated3919

as the post-treatment change in visitation as a percentage of the pre-treatment3920

visitation. Finally, I divide the change by the area of economic farmland set aside3921

for natural features. This yields the effect of the scheme on visitation per m
2

of3922

natural features created. In this way, inefficient land use is penalised, and allow3923

for cost estimates of the schemes based on choice experimental results.3924

5.5.2 Quantifying the connectivity insensitivity ratio ϕ3925

As shown in my theoretical model, benefits to pollination services from natu-3926

ral features and coordination between farmers depend on the ratio between the3927

marginal rate of visitation per m
2

of natural features and marginal visitation per3928
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connectivity improvements facilitated by greater coordination. In particular, coor-3929

dination in this case means maintaining the same amount of natural features per3930

farm but arranged in a way which improves connectivity between neighbouring3931

farms. The magnitude of this ratio ϕ = V ′(LNF )/V
′(n) governs how the model3932

predicts that visitation rates will change as farmers substitute more natural fea-3933

tures for more coordination, and vice versa.3934

3935

It is therefore important to establish at least a directional understanding of ϕ. First,3936

it allows us to validate the predictions arising from the model. Second, policy3937

recommendations for future AES schemes of this type depend on understanding3938

whether or not increases in connectivity via coordination can compensate for re-3939

ductions in the total amount of productive farmland set aside for natural features.3940

3941

Consider a 2-D surface with connectivity, driven by increasing coordination nwith3942

a set amount of LNF , along the y-axis and with the amount of natural features3943

along the x-axis. At every point of the surface representing a n-LNF pairing is3944

an associated change in the visitation rate. Consider first the case where ϕ pos-3945

itive and large which means that V ′(LNF ) is much greater than V ′(n). In this3946

case we would expect a horizontal gradient in V ′
as LNF increases but not much3947

change vertically in n. Conversely, in the case where V ′(n) is much larger and ϕ3948

approaches zero, we expect a vertical gradient in n to dominate.3949

3950

Figure 5.5 shows the empirical 2-D visitation change gradient along dimensions of3951

connectivity and NF area within the sample. Each tile represents an aggregation of3952

point observations across farms into brackets of connectivity and LNF . A diagonal3953

pattern is observed in the underlying scatter plot which illustrates the correlation3954

between the two. However, I do not observe a clear gradient in the visitation3955
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Figure 5.5: 2-D gradient in visitation rates change

change.3956

Figure 5.6 illustrates the challenge of separating V ′(ℓ) from V ′(n). The box plots3957

show summary statistics on increases in the Hanski connectivity index (Hanski,3958

1994) resulting from each of the schemes. The magnitudes of connectivity im-3959

provements decline as the gap between natural features widen. This result agrees3960

with the theoretical framework, as increases in the gap between features is a form3961

of habitat fragmentation. However, increasing the gap also reduces the amount3962

of natural features in the landscape. The significant correlation (0.75) between3963

the amount of land used for natural features LNF and the Hanski connectivity in-3964
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troduces severe autocorrelation issues in attempts at using regression analysis to3965

identify the individual effects of LNF and connectivity. I address this issue having3966

designed the schemes in such a way that the contiguous patch, in-field corridors,3967

and field-edge corridors set aside equal amounts of land for any given farm. By3968

grouping farms and spatial configurations into subsamples where LNF is broadly3969

identical within each group, I can isolate the effect from connectivity differences.3970

I fit individual linear models within each group, with regression coefficients and3971

standard errors shown in figure 5.7. The vertical axis shows the average percent3972

change in oilseed rape visitation per percentage point change in the connectivity3973

index. I show the group average pre-treatment connectivity index on the horizon-3974

tal axis.3975

I show that V ′(n) is positive when the initial pre-treatment connectivity is low,3976

and V ′(n) is negative when the pre-treatment connectivity is high. This means3977

that in most cases, V ′(n) is expected to be low, resulting in a large magnitude for3978

ϕ. It is nonetheless difficult to determine ϕ with accuracy as it depends on the3979

pre-treated land use configuration as well as the dominant species of pollinators3980

in the landscape. Directionally, I have shown that ϕ can be negative in some cases.3981

This is more likely when pre-treatment connectivity is already high, and might3982

result from economic crops facing competition for pollinators by flower resources3983

on natural features. This is supported by findings in Häussler et al. (2017) who3984

report reduced post-treatment visitation in diverse landscapes due to competition3985

between established and pre-existing flower resources. This allows me to formu-3986

late a test of hypothesis IV:3987
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Figure 5.6: The relationship between habitat connectivity (Hanski, 1994) and gaps between

natural features in agricultural landscapes. Edges of boxes represent the lower- and upper

quartiles of connectivity improvements across farms in the sample. Middle bands on boxes

represent the median.

Hypothesis IV: On average, increases in the amount of natural features LNF will3988

have a positive effect on economic crop visitation, independent of any increases3989

in connectivity. Resource rich habitats may see a decline in economic pollination3990

from added natural features.3991
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Figure 5.7: Coefficients β2 and standard errors for the model ∆Vi = β1 + β2∆CIi +
ui, where i is unique farm-scheme combinations within groups where increases in LNF are

the same. The vertical axis shows the average percent change in oilseed rape visitation per

percentage point change in the connectivity index. I show the group average pre-treatment

connectivity index on the horizontal axis

5.6 Results3992

In this section I report on the results from the discrete choice experiment and3993

the spatially explicit crop visitation model. Combining results from these two3994

methodologies then allows me to perform a cost-effectiveness analysis for each3995

of the hypothetical habitat connectivity schemes. I rely on results from chapter 43996

for the relative reduction in payment required to place corridors along a field- or3997

river edge instead of in the field. This cost-effectiveness analysis reports for each3998

scheme the estimated effect on economic crop visitation achievable from a given3999

payment per farmer and year.4000
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5.6.1 Barriers to coordination4001

I begin by reporting results from a latent class model shown in table 5.5, where I4002

test for the existence of distinct classes of respondents in terms of preferences for4003

the coordination schemes. Each respondent has a posterior conditional probability4004

of belonging to each class. I assign respondents to the class where their conditional4005

probability is at least 80%. The magnitude of the difference between classes I and4006

II is indicated by the parameter δII . I see that δII is negative and significant. This4007

indicates that a smaller portion of respondents belong to class II, which means that4008

the classes are of different sizes and that class II is the smaller one. This mirrors4009

the results from the choice experiments in chapter 4.4010

4011

The alternative-specific constants for each scheme relative to the opt-out, status4012

quo alternative are positive for members of class I and negative for class II. The4013

interpretation is that respondents in class I have a native preference for participat-4014

ing in the scheme, while members of class II prefer to opt out before any changes4015

to the schemes’ attributes are considered. This mirrors results from chapter 4. The4016

preference for enrolling in the scheme is moderately higher among farmers who4017

manage more grazing land, indicated by the interaction between the alternative-4018

specific constant and the proportion of land used for grazing.4019

4020

The taste parameter for planted trees βTrees is negative and significant for both4021

classes. This means that respondents strongly prefer to create corridors of natu-4022

ral regeneration over rows of planted broadleaf trees. Similarly, there is a strong4023

preference for narrower corridors of 10 meters in favour of a width of 20 meters.4024

The taste parameter for wider corridors βw=20 is also negative and significant for4025

both classes.4026

4027
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Compared to the reference level of no coordination, respondents in the larger class4028

II display a distaste for coordination with one neighbouring farmers. However, the4029

taste parameter for class I is insignificantly different from zero, which means that4030

respondents in this class are indifferent between no coordination and coordination4031

with one neighbour. The taste parameter for coordinating with two neighbours is4032

negative and significant for both classes. In other words, coordinating with two4033

neighbours is less attractive than coordination with one neighbour, and less attrac-4034

tive still than no coordination. It is important to recall that the taste parameters are4035

effects while holding other attributes to be constant. There is an overall preference4036

for less coordination before considering any coordination bonus. These results are4037

in expectation with my model, which predicts that farmers suffer a marginal co-4038

ordination cost for each additional neighbour they coordinate with.4039

4040

The taste parameters for the increases in the coordination bonus and the base pay-4041

ment are each positive and statistically significant. This indicates that farmers in4042

both classes would behave in a cost-minimising fashion, preferring more com-4043

pensation for costly activities. Finally, I interact the coordination attribute with4044

a binary dummy variable which takes a value of 1 if the respondent states that4045

they regularly share farm equipment with neighbours, and a value of 0 otherwise.4046

The taste parameters for the interactions are positive and significant within class4047

II but insignificant within class I. For class II, a positive taste parameter for the4048

interaction means that the distaste for more coordination is weaker if the farmer4049

regularly shares farm equipment with neighbours. This in line with the theory4050

that the marginal coordination cost is lower among farmers who regularly collab-4051

orate.4052

4053

Figure 5.8 compares respondents in latent classes I and II in terms of socio-economic4054



239

Table 5.5: Latent class model: Preferences for coordination

Attribute Taste Parameters Reference level

Class I Class II

ASCSchemeA 2.84 -0.70 ASCOptout
(0.51)

∗∗∗
(0.32)

∗∗

ASCSchemeB 2.87 -0.62 ASCOptout
(0.51)

∗∗∗
(0.30)

∗∗∗

Trees -0.39 -1.24 Natural Regeneration

(0.05)
∗∗∗

(0.16)
∗∗∗

20 meter width -0.47 -1.07 10 meter width

(0.06)
∗∗∗

(0.16)
∗∗∗

Coordination (n=1) 0.04 -1.04 No coordination

(0.12) (0.26)
∗∗∗

Coordination (n=2) -0.33 -1.32 No coordination

(0.17)
∗∗

(0.36)
∗∗∗

Coordination bonus 0.42 0.95

(0.26)
∗∗

(0.61)
∗

Payment 2.99 3.65

(0.24)
∗∗∗

(0.64)
∗∗∗

ASCScheme × % Grazing 0.01 0.003

(0.005)
∗∗

(0.002)

βn=1 × Sharing 0.004 0.50

(0.13) (0.25)
∗∗

βn=2 × Sharing 0.12 0.67

(0.15) (0.31)
∗∗

δII -0.94 δI
(0.14)

∗∗∗

Summary of class allocation for model: Class I (72%) and Class II (28%)

Adj. R2
vs observed shares: 0.21, BIC: 4612, MNL BIC: 4796

and behavioural differences between them. The principal difference is that mem-4055

bers of class II are much more likely to select the opt-out alternative than are mem-4056

bers of class I. Farmers in class II are also less likely to currently be enrolled in an4057

ELM scheme, less likely to collaborate with neighbours, and less likely to grow4058

pollinator-dependent crops. In this sample of farms, this refers to oilseed rape and4059

broad- or field beans. Members of class II are also moderately more likely to have4060

opted for a vocational- or non-traditional qualification opposed to academic exams4061

or degrees.4062

4063
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I do not find evidence of class allocation based on age, gender, or land endowment.4064

Similarly, the effect of educational attainment is ambiguous. Instead, class alloca-4065

tion is based on behavioural differences: Members of class II are significantly more4066

likely to choose the opt-out alternative, less likely to collaborate, and engage with4067

current ELM schemes. Therefore, I go on referring to class I as the high engage-4068

ment class and to class II as the low engagement class. This follows the same pat-4069

tern observed in chapter 4. This dynamic helps explain the comparatively stronger4070

distaste for increased collaboration within the low engagement class. The low en-4071

gagement class is characterised by less ELM participation and less collaboration,4072

which is indicating a higher coordination cost.4073

4074

Figure 5.8: Socio-demographic and behavioural predictors of latent class membership in

choice experiment estimating willingness to coordinate with farm neighbours
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5.6.2 Monetary cost estimates4075

Figure 5.9 shows the taste parameters expressed in monetary terms. This monetary4076

expression is obtained by dividing the taste parameter for the attribute by the pa-4077

rameter for the base payment. The distributions of demanded compensation to cre-4078

ate corridors of broadleaved trees instead of natural regeneration are large for both4079

classes. However, the average compensation is ca £100 for the high-engagement4080

class. This means that the payment per 100 meters of corridors needs to be on av-4081

erage £100 higher to incentivise engaged farmers to maintain rows of trees instead4082

of natural regeneration. The distribution of values for the low engagement class4083

is skewed higher, which means that these farmers demand comparatively higher4084

compensation. This is what is expected given the characteristics of the class, as4085

their lower propensity to engage in either real or hypothetical schemes indicate4086

higher perceived costs.4087

4088

Farmers in both classes demand on average £200 more per 100 meters to make the4089

corridors 20 meters wide instead of 10 meters wide. Invoking the result from sec-4090

tion 5.3 that in the corridor creation scheme, LNF = ℓ × w, I can compare these4091

results to the results from chapter 4. The increase from a width of 10 meters to4092

20 meters represents a 1,000 m
2
, or 1/10 hectare, increase per 100 meters of corri-4093

dors. I therefore estimate an increase in demanded compensation of approximately4094

£2,000 per hectare. I can compare this against the result from chapter 4 where I4095

estimate the willingness to create contiguous patches of natural features instead4096

of corridors. There, the value was closer to £1,000 per hectare. I attribute this dif-4097

ference to the fact that creating corridors is a more complicated activity, with less4098

freedom when it comes to feature shape and placement.4099
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Figure 5.9: Farm-specific monetary values for corridor scheme attributes estimated using

a mixed logit model
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Testing Hypothesis I: I reject the null for hypothesis I, which states that respon-4100

dents correctly perceive that the combined corridor length times width equals area4101

set aside, if βw=20 < 0. The taste parameter is negative and significant for both4102

classes. Directionally, the results lend support for hypothesis I. However, the mag-4103

nitude of monetary values per hectare of corridors does not match exactly the4104

value of contiguous features. This may result from perceived cost differences be-4105

tween corridors and contiguous features.4106

4107

Compared with no coordination between neighbours, respondents demand on av-4108

erage £75-£100 per 100 meters to coordinate with one neighbour, and £210 extra4109

per 100 meters to coordinate with two neighbours. The demanded compensation4110

is skewed narrowly higher in the low engagement group. This suggests an approx-4111

imately constant marginal cost of coordination for the average farmer. The inter-4112

action between an increase in the number of collaborators in coordination n and4113

stated regular sharing of farm equipment is negative for n = 1 and n = 2. Farm-4114

ers who state that they currently collaborate with neighbours demand on average4115

£100-£150 less to go from no coordination to coordination with one neighbour,4116

than do non-collaborative farmers. The "premium" placed on collaborating with4117

two neighbours is approximately £150-£170 lower among farmers who regularly4118

collaborate.4119

4120

Testing Hypothesis II: For the low engagement class, 12% of draws match the4121

joint equality of the null hypothesis. For the high engagement class, the proportion4122

is 0.1%. For the high engagement class, I reject the null for hypothesis II, which4123

states that there is a positive marginal coordination costC ′(n), if βn=2 < βn=1 < 0.4124

I am able to reject the null, and confirm that farmers account for a positive marginal4125

coordination cost involved in coordinating connectivity improvements with neigh-4126
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bouring farmers.4127

4128

Testing Hypothesis III: I partially reject the null for hypothesis III, which states4129

that collaborative farmers are those that face lower marginal coordination costs4130

and therefore are more willing to coordinate. The interaction parameters are greater4131

than 0 (9% of draws for class I, 2% of draws for class II) which means that farmers4132

who regularly share equipment are less sensitive to greater coordination require-4133

ments. However, I fail to reject the null for the joint inequality β(n=2)×sharing >4134

β(n=1)×sharing > 0 (66% of draws). This means that I cannot reject that β(n=2)×SHARING >4135

β(n=1)×SHARING.4136

5.6.3 Cost-effectiveness analysis of habitat connectivity4137

Figure 5.10 shows the change in average visitation rates attributed to the imple-4138

mentation of each type of habitat creation scheme. Changes in visitation rates are4139

displayed for planted trees and natural regeneration, spatially arranged as field-4140

edge corridors, in-field corridors, in-field islands, and singular contiguous patch. I4141

calculate changes in visitation rates per m
2

of natural features created by farmers.4142

The x-axis represents the gap between corridors in meters. For each gap size and4143

farm, the contiguous patch, field-edge corridors, and in-field corridors have been4144

placed such that the combined amount of land retired for natural features is iden-4145

tical. Larger gaps imply a smaller amount of natural features, LNF , as well as a4146

lower habitat connectivity.4147

4148

The amount of land use change has been determined such that it can be achieved4149

with a £1000 payment per farmer per year. This means that a scheme with planted4150

trees will have less land converted into natural features than does a scheme with4151

natural regeneration. Similarly, a £1000 payment affords fewer features if they are4152
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placed in-field compared to placement along field edges. This is because farmers in4153

the choice experiments demand more compensation for these features, which are4154

perceived to be more expensive or disruptive to create and maintain. Simulating4155

uptake based on an equal payment allows me to compare the cost-effectiveness of4156

the different schemes.4157

4158

For pollinator visits to broad- and field beans, corridors along field-edges are by far4159

the most cost-effective solution, increasing farm-wide visitation rates by on aver-4160

age 4% with natural regeneration and 1% with planted fruit trees that also provide4161

flower resources. This is expected as placing corridors along field-edges is signifi-4162

cantly cheaper than in-field, with only a modest penalty on connectivity at narrow4163

gaps. After controlling for cost, effects on visitation rates are largely independent4164

of the gap between natural features. The exception is natural regeneration fea-4165

tures arranged as evenly distributed 100m
2

islands, where increasing the gap to4166

800 meters improves the cost-effectiveness of the scheme from by a factor of five4167

to six. The cost-effectiveness comparisons are comparable for economic grassland,4168

while the magnitude of visitation improvement is lower in the range of 0.2% to 1%.4169

The economic value of flower pollination on grassland is ultimately negligible, as4170

it is used for grazing.4171

4172

For visits to oilseed rape, field-edge corridors remain the most cost-effective scheme4173

overall. Unlike beans, the effect of in-field features on oilseed pollination depends4174

meaningfully on whether features are natural regeneration or fruit trees. £10004175

spent on in-field corridors or islands of natural regeneration results in reduced vis-4176

itation rates. In their validation of the poll4pop model, Häussler et al. (2017) find4177

that land use heterogeneity has a negative impact on oilseed pollination. Intersect-4178

ing the oilseed fields with corridors and islands of natural regeneration increases4179
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the heterogeneity of the field, which may explain the observed negative effect.4180

4181

Figure 5.11 reproduces 5.10 using the upper quartile of farms in terms of improved4182

visitation rates. In this subsample, I observe a clear cost-effectiveness advantage4183

of in-field islands over corridors as the gap between islands increases. The com-4184

bined area of natural features scales significantly more with the feature gaps when4185

configured in the form of islands. This is because increases in the gap between is-4186

lands reduce the available area for features in two directions while corridors are4187

only constrained in one direction. Therefore, the required cost of islands declines4188

significantly compared to corridors as the gap widens. Figure 5.13 illustrates how4189

the upper quartile of farms differ from the average in terms of land use. Farms4190

where the schemes produce the greatest improvements to crop visitation have less4191

grassland cover and more cereal fields. I attribute the higher cost-effectiveness of4192

in-field islands within this subgroup to the removal of cereal fields, which score4193

very poorly both for floral resources and nesting resources within the poll4pop4194

model.4195
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Figure 5.10: Average aggregate change in pollinator visitation rates for three economic

cover crops per £1000 payment per farm and year. All farms. Changes are reported by natural

feature type and spatial configuration. The percentage change in visitation is reported per m
2

of natural features created. The x-axis denotes the gap between corridors.
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Figure 5.11: Average aggregate change in pollinator visitation rates for three economic

cover crops. Upper quartile of farms. Changes are reported by natural feature type and spatial

configuration. The percentage change in visitation is reported per m
2

of natural features

created. The x-axis denotes the gap between corridors.
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Figure 5.12: Average farm gross margins (y-axis) resulting from sufficient amounts of nat-

ural features to produce visitation increases from 1% to 15% (x-axis). Margins were based on

WTA from DCE I and an assumed annual payment of £2000/ha (◦), £4000/ha (△), £6000/ha

(⋄), or £8000/ha (□). The× symbol denotes the 2022/23 gross margin for each land use class in

the Farm Accounts for England (Department for Environment, Food and Rural Affairs, n.d.)
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Figure 5.13: Differences in land cover between the upper quartile of farms in terms of

economic crop visitation improvements, and the average farm

Testing hypothesis IV: The directional analysis of the connectivity insensitiv-4196

ity ratio ϕ in section 5.5.2 showed that ϕ can be negative, in which case more4197

area devoted to natural features has a negative impact on pollination of economic4198

crops such as oilseed rape and beans. I confirm that this is the case when the4199

pre-treatment land use mix features a moderate level of flower resources. Natu-4200

ral features are unambiguously positive when the pre-treatment fields are low in4201

resources.4202
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5.7 Limitations4203

The economic model developed in section 5.3 makes an additional prediction of4204

interest: When ϕ > 0, farmers who grow pollinator dependent crops can bene-4205

fit economically from pollination services. Because this research has established4206

that, depending on the species, pollinators can forage up to 500 meters from their4207

nests, pollinator-dependent farms benefit from natural features created on neigh-4208

bouring farms. The model predicts that such farmers will be more inclined to en-4209

gage in coordination, as the coordination bonus will incentivise their neighbour(s)4210

to participate. This hypothesis can be tested by interacting the taste parameter4211

for coordination with a variable indicating whether or not a respondent relies on4212

pollinator-dependent crops.4213

4214

I do not attempt in this paper to provide a conclusive answer to this question. The4215

reason is that the survey was designed before this particular piece of the model4216

had been derived, and therefore the survey did not give respondents sufficient in-4217

formation about pollination services and pollinator dependent crops. A direction4218

for future research is to collect more detailed crop cover data on the farm level,4219

and repeat the discrete choice experiment with an information treatment educat-4220

ing respondents about pollination services.4221

4222

This research studies the value of connectivity improvements for pollination ser-4223

vices specifically. The reported limited benefit from connecting natural features is4224

attributed to the biology of insect pollinators in particular. Foraging distances of up4225

to 500 meters reduce the harms from resource fragmentation in agricultural land-4226

scapes. As Correa Ayram et al., 2016’s review of the habitat connectivity literature4227

illustrates, a diverse range of species are affected. For example, 41% of studies sur-4228

veyed focus on mammals compared to 8% that focus on insects. Affected species4229
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may also be of interest to policymakers and the public, for example out of conser-4230

vation concerns or different ecosystem services (Hanley & Perrings, 2019). There is4231

scope to expand the research in this chapter by incorporating species distribution4232

models for other species of interest and to aggregate potential benefits.4233

5.8 Discussion4234

This research adds to a growing literature which studies the effect of ELM schemes4235

on pollination services (Berg et al., 2019; Image et al., 2022, 2023; Kleftodimos et al.,4236

2021). The current literature is primarily situated within ecology and agricultural4237

sciences, although Kleftodimos et al. (2021) is a pioneering attempt at bringing the4238

ecology and economics together. My work adds to this strand of the literature4239

by incorporating a spatially explicit pollinator visitation model with the economic4240

model. The model allows me to simulate the visitation effects from hypothetical4241

ELM schemes at a very high (10m) resolution. As a result, this work contributes4242

an early and comprehensive cost-effectiveness analysis of connectivity improve-4243

ments via ELM schemes.4244

4245

This chapter has shown that perceived coordination costs are a significant barrier4246

to uptake of ELM schemes that require farmers to coordinate with neighbours to4247

create connected natural features. It identifies a class of farmers whose coordina-4248

tion costs are lower, evidenced not only by a stated enthusiasm for collaboration,4249

when compensated for it, but a revealed willingness to engage with neighbours4250

and share farm equipment in the past. It is plausible that these differences are not4251

only caused by differences in personality, such as agreeableness, but have grown4252

over time due to growing familiarity and trust. Riley et al. (2018) state that whilst4253

working relations between UK farmers are often collegiate, and in places collective,4254
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several watershed events over past decades have led to a shift from community-4255

level to process-based (peer-to-peer) trust and a move toward land management4256

being depicted as a squarely individual rather than collective issue. Against such a4257

backdrop, environmental regulators may want to incentivise increased collabora-4258

tion between neighbouring farms, anticipating that coordination costs will come4259

down over time.4260

4261

While I do not dispute this line of reasoning, results from this research call into4262

question the value of farm-farm coordination, at least so far as it pertains to im-4263

proving pollination services. When incorporating the ecology of three impor-4264

tant pollinator species, the interdisciplinary cost-effectiveness analysis reveals that4265

added habitat connectivity via coordination does not offer the most cost-effective4266

outcomes. Given current marginal coordination costs, connecting features to re-4267

duce gaps between them in a 4 km
2

landscape does not offer more crop pollination4268

for a given government payment. In fact, in landscapes where the share of crop4269

cover that is unsuited to pollinators (such as cereals and grains) is high, the most4270

cost-effective ELM project is disconnected, in-field islands as far as 800 meters4271

apart.4272

4273

Some caveats to these results should nonetheless be acknowledged. The first is that4274

although the visitation modelling is based on a sample of over 300 representative4275

landscapes at the surveyed farms, land use diversity was generally high. All but4276

one land use class covered no more than half of the area, and significantly less for4277

the majority of farms. As shown in figure 5.4, only grassland (in this context for4278

grazing) dominated the landscape at some farms. Hence the effect of coordination4279

on visitation rates may be greater on farms that are larger and more of a mono-4280

culture. In addition, as discussed in section 5.7, there are other species that may4281



254

benefit significantly more from connectivity and that the public has an interest in4282

protecting.4283

4284

While these caveats are important for defining the boundaries of my findings, the4285

results are likely to be generalisable to other UK upland farming systems with4286

similarly diverse landscapes. The conclusion that untargeted investment in con-4287

nectivity may be inefficient holds important policy implications for these specific,4288

yet common, agricultural environments. The core finding is not that connectivity4289

is ”bad”, but rather that its effectiveness is highly context-dependent, and my re-4290

sults highlight the conditions under which alternative interventions may provide4291

greater value for money. This research argues that policymakers may want to ad-4292

vertise the benefits of disconnected islands, that may look disruptive for farmers4293

but make very small demands in terms of retiring productive farmland. The anal-4294

ysis in chapter 4 also reveals that these in-field islands is among the most cost4295

effective schemes for the purpose of reducing flood risk.4296
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Chapter 64297

Conclusion4298

This thesis has contributed to the literature on spatially targeted environmental4299

policy in several ways. Chapter 2 presents the first incorporation of pollution dis-4300

persion modelling within a difference-in-differences analysis of a cap-and-trade4301

scheme. The resulting ambient pollution maps allow me to estimate the causal4302

effect of the scheme in terms of cross-border pollution. In turn, this allows me to4303

address the first research question posed in the introduction in chapter 1: How do4304

firms respond to spatially differentiated compliance costs and what is the result-4305

ing environmental impact? My research finds lower abatement among regulated4306

power plants that export SO2 amounting to at least 1% of ambient air quality stan-4307

dards (NAAQS) outside the state. The average reduction in abatement compared to4308

non-exporters is approximately 20%. Crucially, this result extends beyond those4309

plants that actually export pollution outside of the state where they are regulated.4310

A lower effect of the tightened emissions cap is observed among plants that are4311

merely close to the state border. This implies that, for at least some plants, energy4312

firms’ beliefs about compliance enforcement (via the ‘good neighbour’ provisions)4313

may themselves contribute to lower abatement. This result adds to previous work,4314

e.g. by Fowlie et al. (2012), Heo et al. (2023) and Cai et al. (2016), by explicitly eval-4315
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uating the cross-border externality and putting it in context of the firms’ response.4316

In a spatially targeted market, with trading ratios reflecting the cross-border pol-4317

lution risk, these plants could receive proportionally greater revenue from selling4318

permits. Such a system may incentivise enough additional abatement to compen-4319

sate for the observed treatment heterogeneity.4320

4321

Chapter 4 contributes the first cost-effectiveness analysis of NFM schemes which4322

integrates cost estimates from hypothetical DCEs and hydrological connectivity4323

modelling. It indicates that the majority of farmers would be open to enrol in the4324

schemes if compensation was in the region of £200−500 per annum for
1/20− 1/104325

hectares of NFM features. I leverage the hydrological model to simulate the ben-4326

efits side of the cost-effectiveness comparison. I find that NFM features created4327

in typical English agricultural landscapes could result in measurable reductions in4328

water runoff. Spatially targeted trading in NFM contracts result in significantly4329

better cost-effectiveness. In particular, contiguous patches or small in-field islands4330

of planted trees or natural regeneration are advantageous. In simulations, these4331

schemes reduce flood risk by 10 − 20% without trading and by 20 − 40% with4332

trading. The second research question posed in chapter 1 asks whether spatially4333

targeted trading in NFM contracts can facilitate more cost-effective mitigation of4334

flood risk. This research answers affirmatively, and identifies that types of schemes4335

that offers the best ‘bang’ for the taxpayers’ buck. However, this research also4336

identifies some important barriers to uptake. By including transaction costs in the4337

DCEs, I address the third research question: How do transaction costs impact the4338

feasibility of a hypothetical market in ELM obligations? The research finds that,4339

contrary to previous evidence from trade in pollution permits, transaction costs4340

are likely to be noticeable barriers in a hypothetical market for NFM contracts.4341

However, with transaction costs in the region of 5 − 10% of base payments, the4342
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required compensation is dwarfed by the aggregate cost savings from trading.4343

4344

Chapter 5 contributes to the growing literature on the effect of ELM schemes on4345

pollination services. While the current literature is primarily situated within ecol-4346

ogy and agricultural sciences, this chapter adds to this strand of the literature by4347

incorporating a spatially explicit pollinator visitation model with the economic4348

model. The hypothetical DCE used to estimate farmers’ willingness to coordi-4349

nate is augmented by also surveying their professional connections with neigh-4350

bours. The fourth research question asks: What role does social or professional4351

networks play in farmers’ perceived barriers to coordination? This research does4352

report some evidence that farmers who have a professional relationship with their4353

neighbours are more likely to opt to engage in coordination of connected habitats.4354

However, this is among the weakest and most uncertain results in this thesis. In4355

general, coordination costs are a barrier to this type of scheme. In this context, the4356

simulation of pollination services for a broad range of spatial configurations of nat-4357

ural features in informative. I show that small, evenly distributed in-field islands4358

of natural features deliver the most cost-effective improvement in pollinator visits4359

to oilseed rape and field beans. This particular scheme can be implemented on a4360

larger scale and demand very little coordination between farmers. This research4361

informs policymakers that although coordination costs are substantial, pollination4362

services could be improved while bypassing this barrier.4363

4364

Finally, the fifth research question asks: How can spatially explicit simulation4365

models contribute to cost-effectiveness analysis of spatially targeted schemes? In4366

this thesis, I have integrated three different spatially explicit simulation models4367

(Gaussian air pollution dispersion, hydrological connectivity, and pollinator visi-4368

tation) to predict the benefits from several environmental policies. In particular,4369
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for chapters 4 and 5, I develop a common algorithm to simulate counterfactual4370

landscapes under a common set of ELM schemes. This allows me to conduct the4371

first multifunctional cost-effectiveness analysis in terms of both flood risk reduc-4372

tion and pollination service provision. This research enables policymakers in the4373

UK and across Europe to compare potential schemes in terms of joint benefits. In4374

summary, I demonstrate the value in integrating hypothetical DCEs with different4375

spatial simulation models to conduct multifunctional cost-effectiveness analyses.4376

Benchmarking alternative environmental schemes in terms of cost-effectiveness4377

can account for multiple benefits. These can be weighted according to policy pri-4378

orities.4379
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Appendices4380

Derivation of demand for NFM in the targeted trad-4381

ing regime4382

The Lagrangian for farmer q’s cost minimisation problem is shown in equation4383

(6.1). The transaction cost T takes the value (1 + τ) when q on net is buying out4384

of their NFM obligation and (1− τ) when q accepts payment to take up additional4385

NFM.4386

L = pXX + cNFLNF + Tπ
(
L̃NF − rqLNF

)
−

µ1

(
Ȳ −XαLβ

AG

)
−

µ2

(
L̄− LAG − LNF

) (6.1)

When q chooses their levels of X , LAG and LNF , the first-order KKT conditions4387

are shown in equations (6.2) through (6.4):4388

[X] : pX + µ1αX
α−1LAG

β = 0 (6.2)

[LAG] : µ1βX
αLAG

β−1 + µ2 = 0 (6.3)
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[LNF ] : cNF − Tπrq + µ2 = 0 (6.4)

By rearranging (6.2), recover the function for µ1 in terms of the variables that drive4389

agricultural production cost pX , X , LAG. The equality (6.5) is then substituted into4390

(6.3) to solve for µ2 in terms of the net costs of agricultural output and NFM fea-4391

tures. The maximally simplified function for µ2 substituted into (6.4) is displayed4392

in (6.7).4393

µ1 = −
pX

αXα−1Lβ
(6.5)

µ2 =
pX

αXα−1Lβ
βXαLβ−1

AG (6.6)

µ2 = pX
βX

αLAG

= cNF − Tπrq (6.7)

From equation (6.7) solve for X (6.8) and substitute into the production function4394

to recover the cost-minimising agricultural land inputs in terms of residual output4395

demand and costs (6.9). Equation (6.10) shows the properly simplified form of (6.9).4396

X =
α

β

cNF − Tπrq
pX

LAG (6.8)

(
α

β

cNF − Tπrq
pX

LAG

)α

Lβ
AG = Ȳ (6.9)

L∗
AG =

(
β
α
pX Ȳ

1/α

cNF − Tπrq

) α
α+β

(6.10)

The cost-minimising level of LAG is substituted into the land endowment con-4397

straint to recover the demand for LNF .4398
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L∗
NF = LAG −

(
β
α
pX Ȳ

1/α

cNF − Tπrq

) α
α+β

(6.11)

Differentiating the demand for natural features with respect to the payment rate4399

yields the marginal demand:4400

∂L∗
NF

∂π
= −

(
α

α + β

)
rq

(
β/αpxȲ 1/α

cNF−Tπrq

) α
α+β

cNF − Tπrq
(6.12)

Survey data processing4401

This script processes the survey responses downloaded from Qualtrics into a for-4402

mat which is compliant with the R package Apollo (Hess & Palma, 2019). The script4403

also geocodes the survey data based on postcodes volunteered by respondents.4404

1 ### Clear memory

2 rm(list = ls())

3 #install.packages("dplyr")

4 #install.packages("reshape2")

5 #install.packages("writexl")

6 #install.packages("sp")

7 #install.packages("sf")

8 #install.packages("geosphere")

9 ### Load libraries

10 library(dplyr)

11 library(reshape2)

12 library(writexl)

13 library(sp)

14 library(geosphere)

15 library(sf)

16 # -----------------------------------
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17 # User guidance: This script accepts survey data in the raw

Qualtrics results format. However it must first be cleaned

manually by:

↪→

↪→

18 # 1) replacing missing values with NA

19 # 2) correcting typos in survey respondent inputs

20 # 3) ensuring numeric data is coded as such

21 # I recommend that this is done in Excel prior to loading the

data file into R, as the following script will assume correct

data entry and types.

↪→

↪→

22 # In addition, this script incorporates additional data from the

Ordnance Survey, Defra and Natural England, including a)

areas (ha) of fruit orchards within farm perimeters,

↪→

↪→

23 # b) areas (ha) of oilseed rape fields within farm perimeters, c)

NFM priority areas, d) post offices within respondent's post

district, e) pubs within respondent's district.

↪→

↪→

24 # Users of this code should download the data and adjust location

paths to the files accordingly.↪→

25 # -----------------------------------

26 # functions used

27 replace <- function (x) {ifelse(x == "", "I want neither A nor

B", x)}↪→

28 # load survey answers

29 survey = read.csv("survey_220523.csv") %>%

30 # keep only respondents who have completed the survey and

consented to have their answers recorded↪→

31 filter(Consent == 'I CONSENT' & CE3Task8_1 %in% c('Option

A','Option B','I want neither A nor B')) %>%↪→

32 # generate respondent identifier variable and geographic

identifiers↪→

33 mutate(id = c(1:nrow(.)), postcode = toupper(gsub(" ", "",

Form_4)), n_pubs = NA, n_post = NA, Q6 = as.numeric(Q6)) %>%↪→

34 mutate(postcode = ifelse(postcode == "", NA, postcode))
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35 # load UK postcodes with coordinates from the Ordnance Survey

Code-Point Open dataset↪→

36 filenames <- list.files("postcodes", pattern="*.csv",

full.names=TRUE)↪→

37 # initialize a data frame to collect coordinates matching

respondent postcodes↪→

38 postcode_coords <- data.frame(postcode = character(), eastings =

integer(), northings = integer())↪→

39 for (i in 1:length(filenames)) {

40 # for each county, bind coordinates by postcode contained in the

survey responses data set↪→

41 postcodes <- read.csv(filenames[i])

42 names(postcodes) <-

c("postcode","quality","eastings","northings", ⌋

"country_code","NHS_regional_HA_code","NHS_HA_code", ⌋

"admin_county_code","admin_district_code","admin_ward_code")

↪→

↪→

↪→

43 postcodes <- postcodes %>% mutate(postcode = toupper(gsub(" ",

"", postcode))) %>% select(postcode, eastings, northings)↪→

44 # bind to initialized data frame

45 postcode_coords <- rbind(postcode_coords,

postcodes[postcodes$postcode %in% survey$postcode, ])↪→

46 }

47 # merge coordinates into survey data by respondent postcode

48 survey <- survey %>% left_join(postcode_coords, by =

"postcode")↪→

49 # create a spatial points data frame geo-locating respondents

50 survey_sf <- survey %>%

51 filter(!is.na(eastings)) %>%

52 mutate(Q6 = ifelse(is.na(Q6),

mean(survey[!is.na(survey$Q6),]$Q6), Q6)) %>%↪→

53 st_as_sf(coords = c("eastings","northings"))

54 survey_sf_buff <- st_buffer(survey_sf, sqrt(survey_sf$Q6*1e+4)/2)

↪→
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55 # load Crop Map of England (CROME) data

56 crome_list = list('list of CROME shapefiles')

57 names(crome_list) <- c("Durham","North Yorkshire","South

Yorkshire","West Yorkshire","East Riding of Yorkshire", ⌋

"Lancashire","Lincolnshire","Cumbria","Northhumberland","Tyne

and Wear","Cheshire")

↪→

↪→

↪→

58 oilseed_dat <- data.frame(id = character(), oilseed = double(),

lucode = character())↪→

59 for (i in 1:length(crome_list)) {

60 # for each county

61 crome_sf <- st_read(crome_list[[i]])

62 # collect all cells classed oilseed rape

63 st_crs(survey_sf_buff) <- st_crs(crome_sf)

64 print(paste(names(crome_list)[i], "CROME data loaded

successfully."))↪→

65 # find CROME parcels of oilseed that fall within farm polygon by

farm ID↪→

66 intersect <- st_join(crome_sf, survey_sf_buff["id"], join =

st_within) %>%↪→

67 st_drop_geometry() %>%

68 filter(!is.na(id)) %>%

69 group_by(id) %>%

70 summarise(oilseed = sum(st_area_sh*1e-4))

71 # collect number of cells and ID

72 oilseed_dat <- rbind(oilseed_dat, intersect)

73 # print progress to console

74 print(paste(names(crome_list)[i], " county completed.",

sep=""))↪→

75 }

76 # load shapefile of orchards from Natural England

77 orchards_sf <- st_read("Traditional_Orchards_HAP_

(England)___Natural_England.shp")↪→

78 # select only pollinated fruit orchards
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79 orchards_sf <- orchards_sf[!is.na(orchards_sf$Apple) |

!is.na(orchards_sf$Pear) | !is.na(orchards_sf$Cherry) |

!is.na(orchards_sf$Plum), ]

↪→

↪→

80 st_crs(survey_sf_buff) = st_crs(orchards_sf)

81 # find NE fruit orchard polygons that fall within farm polygon by

farm ID↪→

82 fruit_dat <- st_join(orchards_sf, survey_sf_buff["id"], join =

st_within) %>%↪→

83 st_drop_geometry() %>%

84 filter(!is.na(id)) %>%

85 group_by(id) %>%

86 summarise(fruits = sum(Area_Ha*1e-4))

87 # load shapefile of NFM priority areas (Defra 2020)

88 nfm_prio_sf <-

st_read("Spatial_Prioritisation_of_Catchments_Suitable_for_Using_NFM ⌋

.shp")

↪→

↪→

89 st_crs(survey_sf) = st_crs(nfm_prio_sf)

90 # join survey with NFM priority areas

91 survey_sf <- st_join(survey_sf, nfm_prio_sf, join =

st_within)↪→

92 # load shapefile of flood risk areas (Defra)

93 # level 3: >1% risk

94 floodmap3_sf <- st_read("Flood_Map_for[...]Sea_Flood_Zone_3.shp")

95 st_crs(floodmap3_sf) = st_crs(survey_sf)

96 floodmap3_sf = floodmap3_sf %>%

97 select(layer, geometry) %>%

98 rename(level3_risk = layer)

99 # level 2: 0.1-1% risk

100 floodmap2_sf <-

st_read("Flood_Map_for_Planning_Rivers_and_Sea_Flood_Zone_2 ⌋

.shp")

↪→

↪→

101 st_crs(floodmap2_sf) = st_crs(survey_sf)

102 floodmap2_sf = floodmap2_sf %>%
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103 select(layer, geometry) %>%

104 rename(level2_risk = layer)

105 # merge flood risk scores with survey data

106 survey_sf <- st_join(survey_sf, floodmap2_sf, join = st_within)

%>%↪→

107 st_join(floodmap3_sf, join = st_within)

108 # create dataframe

109 survey <- survey_sf %>%

110 st_drop_geometry() %>%

111 left_join(oilseed_dat, by = "id") %>%

112 left_join(fruit_dat, by = "id") %>%

113 left_join(postcode_coords, by = "postcode") %>%

114 mutate(fruits = ifelse(is.na(fruits), 0, fruits),

115 oilseed = ifelse(is.na(oilseed), 0, oilseed),

116 # generate a variable for the post code sector

117 sector = substr(postcode, 1, nchar(postcode)-2),

118 county = NA,

119 flood_risk = ifelse(!is.na(level3_risk), 2,

ifelse(is.na(level3_risk) & !is.na(level2_risk), 1,

0)))

↪→

↪→

120 # generate variable indicating number of pubs and post offices in

respondent's postcode↪→

121 for (i in 1:nrow(survey)) {

122 if (!is.na(survey$postcode[i])) {

123 # resolution: postcode sector

124 survey$n_pubs[i] =

nrow(pubcoords[grepl(survey$sector[i],

pubcoords$postcode), ])

↪→

↪→

125 survey$n_post[i] =

nrow(postcoords[grepl(survey$sector[i],

postcoords$postcode), ])

↪→

↪→

126 # get county
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127 survey$county[i] = postcoords[grepl(survey$sector[i],

postcoords$postcode), "county"][1]↪→

128 }

129 }

130 survey = survey %>% rename(email = Form_5) %>% mutate(email =

toupper(email)) %>% filter(email != "")↪→

131 # load designs from Ngene

132 dgn1 = read.csv('design1.txt', sep = '\t')

133 dgn_wta = read.csv('design2_wta.txt', sep = '\t')

134 dgn_wtp = read.csv('design2_wtp.txt', sep = '\t')

135 dgn3 = read.csv('design3.txt', sep = '\t')

136 # collect column names for choice tasks

137 choices = list()

138 choices[[1]] = names(survey_full[ , grepl('CE1Task',

names(survey_full))])↪→

139 choices[[2]] = names(survey_full[ , grepl('WTATask',

names(survey_full))])↪→

140 choices[[3]] = names(survey_full[ , grepl('WTPTask',

names(survey_full))])↪→

141 choices[[4]] = names(survey_full[ , grepl('CE3Task',

names(survey_full))])↪→

142 # collect column names for control questions (same across CEs)

143 controls = names(survey_full[ , grepl('Q', names(survey_full)) |

names(survey_full) %in% c("fruits","oilseed","ea_nfm_pri", ⌋

"flood_risk","eastings","northings","county")])

↪→

↪→

144 times = list()

145 times[[1]] = names(survey_full[, grepl('Page.Submit',

names(survey_full))])[1:8]↪→

146 times[[2]] = names(survey_full[, grepl('Page.Submit',

names(survey_full))])[9:14]↪→

147 times[[3]] = names(survey_full[, grepl('Page.Submit',

names(survey_full))])[15:20]↪→
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148 times[[4]] = names(survey_full[, grepl('Page.Submit',

names(survey_full))])[21:28]↪→

149 # collect attribute names

150 attributes = list()

151 attributes[[1]] = names(dgn1)[2:12]

152 attributes[[2]] = names(dgn_wta)[2:8]

153 attributes[[3]] = names(dgn_wtp)[2:8]

154 attributes[[4]] = names(dgn3)[2:12]

155 # collect designs from CE 1, CE 2 (WTA), CE 2 (WTP) and CE 3

156 designs = list()

157 designs[[1]] = dgn1 %>% rename(task = Design) %>% mutate(task =

choices[[1]])↪→

158 designs[[2]] = dgn_wta %>% rename(task = Design) %>% mutate(task

= choices[[2]])↪→

159 designs[[3]] = dgn_wtp %>% rename(task = Design) %>% mutate(task

= choices[[3]])↪→

160 designs[[4]] = dgn3 %>% rename(task = Design) %>% mutate(task =

choices[[4]])↪→

161 # clean data and collect CEs in list

162 data = list()

163 # number of tasks per choice experiment

164 len = c(8,6,6,8)

165 attribute_names <-

list(c("task","c1.type","c1.loc","c1.qual","c1.area","c1 ⌋

.pay","c2.type","c2.loc","c2.qual","c2.area","c2.pay"),

↪→

↪→

166 c("task","c1.ratio","c1.fee","c1.pay","c2.ratio","c2.fee","c2 ⌋

.pay"),↪→

167 c("task","c1.ratio","c1.fee","c1.pay","c2.ratio","c2.fee","c2 ⌋

.pay"),↪→

168 c("task","c1.type","c1.coord","c1.width","c1.bonus","c1.pay","c2 ⌋

.type","c2.coord","c2.width","c2.bonus","c2.pay"))↪→

169 # for each choice experiment i:

170 for (i in 1:4) {
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171 data[[i]] = survey_full %>%

172 # select responses to choices and control questions

173 select(c(id, choices[[i]], controls, times[[i]])) %>%

174 # replace missing responses with status quo

175 mutate_at(choices[[i]], funs(replace(.))) %>%

176 # only keep observations where choice tasks are answered

177 filter_at(vars(choices[[i]]), any_vars(. %in% c('Option A',

'Option B', 'I want neither A nor B'))) %>%↪→

178 # transform data into long format

179 melt(id = c('id', controls, times[[i]])) %>%

180 rename(task = variable, choice = value) %>%

181 arrange(id) %>%

182 # add attribute levels to each choice task

183 inner_join(designs[[i]], by = 'task') %>%

184 select(c(id, choice, attributes[[i]], controls, times[[i]])) %>%

185 rename_with(~ attribute_names[[i]], all_of(attributes[[i]])) %>%

186 # numeric data

187 mutate(Q2 = as.numeric(Q2),

188 Q5 = as.numeric(Q5),

189 Q6 = as.numeric(Q6),

190 Q7_1 = as.numeric(Q7_1),

191 Q11_1 = as.numeric(Q11_1),

192 Q11_2 = as.numeric(Q11_2),

193 Q11_3 = as.numeric(Q11_3),

194 Q11_4 = as.numeric(Q11_4),

195 Q11_5 = as.numeric(Q11_5),

196 Q11_6 = as.numeric(Q11_6),

197 Q11_7 = as.numeric(Q11_7),

198 Q12 = as.numeric(Q12),

199 Q15 = as.numeric(Q15),

200 Q17_2 = as.numeric(Q17_2)) %>%

201 mutate_at(times[[i]], as.numeric) %>%

202 # generate control variables
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203 # NOTE: as.numeric() transforms non-numeric formats to NA -

ensure data type is correct to avoid data loss↪→

204 mutate(female = ifelse(Q1 == 'Female', 1, 0), # is respondent

female↪→

205 age = 2023 - as.numeric(Q2), # respondent age

206 farm_age = 2023 - as.numeric(Q5), # age of farm

207 # educational attainment

208 edu = case_when(Q4 == 'Other vocational/technical training' ~ 0,

209 Q4 == 'GCSEs, O-levels or equivalent' ~ 1,

210 Q4 == 'College (A-levels or equivalent)' ~ 2,

211 Q4 == '3-year university degree' ~ 3,

212 Q4 == 'Postgraduate degree' ~ 4),

213 hectare = Q6, # farm size (ha)

214 owned = Q7_1, # % of land owned

215 primary = ifelse(Q8 == 'Yes', 1, 0), # is respondent's primary

income from agriculture↪→

216 cereals = Q11_1, # % used for each product

217 cropping = Q11_2,

218 grazing = Q11_3,

219 pigsbird = Q11_4,

220 horticult = Q11_5,

221 dairy = Q11_6,

222 other = Q11_7,

223 sum_total = ifelse(Q11_1 + Q11_2 + Q11_3 + Q11_4 + Q11_5 + Q11_6

+ Q11_7 == 100, 1, 0),↪→

224 n_tracts = Q12, # tracts of land farmed

225 aes = ifelse(Q13 == 'None', 0, 1), # does respondent currently

participate in ELM scheme↪→

226 # self rated community participation

227 social = case_when(Q14 == 'Much less than average' ~ 0,

228 Q14 == 'Less than average' ~ 1,

229 Q14 == 'About average' ~ 2,

230 Q14 == 'More than average' ~ 3,
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231 Q14 == 'Much more than average' ~ 4),

232 # number of neighbouring farms

233 boundary = as.numeric(Q15),

234 # does respondent share farm equipment with neighbours

235 sharing = ifelse(Q16 == "Yes", 1, 0),

236 ea_respect = Q17_2,

237 # fconcern = concern about flooding on the farm

238 fconcern = case_when(Q18 == 'Not concerned' ~ 0,

239 Q18 == 'Mostly not concerned' ~ 1,

240 Q18 == 'Unsure' ~ 2,

241 Q18 == 'Somewhat concerned' ~ 3,

242 Q18 == 'Very concerned' ~ 4),

243 # cconcern = concern about flooding in the catchment, surrounding

communities↪→

244 cconcern = case_when(Q19 == 'Not concerned' ~ 0,

245 Q19 == 'Mostly not concerned' ~ 1,

246 Q19 == 'Unsure' ~ 2,

247 Q19 == 'Somewhat concerned' ~ 3,

248 Q19 == 'Very concerned' ~ 4),

249 poll_dep = ifelse(fruits + oilseed > 0.5, 1, 0), # does

respondent grow pollinator-dependent crops↪→

250 # what is the flood risk management priority level of farm

251 nfm_prio = case_when(is.na(ea_nfm_pri) ~ NA,

252 ea_nfm_pri == 'Low' ~ 0,

253 ea_nfm_pri == 'Medium' ~ 1,

254 ea_nfm_pri == 'High' ~ 2),

255 choice = case_when(choice == 'Option A' ~ 1,

256 choice == 'Option B' ~ 2,

257 .default = 0)) %>%

258 group_by(id) %>%

259 mutate(serial_sq = ifelse(mean(choice) == 0, 1, 0),

260 resp_time = mean(c_across(times[[i]]))) %>%

261 ungroup() %>%
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262 select(-c(controls[1:29], times[[i]], ea_nfm_pri))

263 }

264 # save data

265 sheets = list("dce1" = data[[1]], "dce_wta" = data[[2]],

"dce_wtp" = data[[3]], "dce3" = data[[4]])↪→

266 write_xlsx(sheets, 'apollo_data_full.xlsx') # END

Run poll4pop4405

This script loops through a list of simulated landscapes to model a) crop pollinator4406

visitation rates and b) the Hanski (habitat) connectivity index for each hypothetical4407

landscape. Visitation rates are calculated using poll4pop (Häussler et al., 2017).4408

Each simulated landscape represents a hypothetical spatial configuration / feature4409

type of the ELM scheme.4410

1 rm(list = ls())

2

3 library(readxl)

4 library(plyr)

5 library(dplyr)

6 library(sf)

7 library(raster)

8 library("EBImage")

9 library(progress)

10 library(foreach)

11 library(doParallel)

12

13 # load external functions

14 source("kerncalc.R")

15 source("latfordisp.R")

16 source("./rawPoll4Pop/computeFloralNesting.R")
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17 source("./rawPoll4Pop/growth.func.R")

18 source("./rawPoll4Pop/runpoll_3seasons.R")

19 source("ci_index_fun.R")

20 source("corridor_fun.R")

21

22 # Load land use raster map

23 cc <- raster("lc.tif")

24 # load poll4pop parameters

25 load(file = ".\\data\\parameters.rda")

26 # declare the pollinator species

27 bees <- c(1,2,8)

28 names(bees) <- c("GNBumblebees","GNSolitaryBees","TNBumblebees")

29 # declare widths of habitat corridors / isles

30 widths <- c(10, 20)

31 # declare gaps between corridors / isles

32 gaps <- c(200, 300, 500, 800)

33 # declare type of ecological feature (natural regeneration and

fruit trees)↪→

34 feature_infield <- c(11, 34)

35 feature_edge <- c(24, 34)

36 # declare spatial structure for features

37 spatial <- c("isle","corrs","edges","mosaic","islands")

38 # load farm locations

39 dat = read_excel("apollo_data_full.xlsx", sheet = "dce3") %>%

40 dplyr::select(id, northings, eastings) %>%

41 dplyr::filter(!duplicated(id))

42 dat_sf <- st_as_sf(dat, coords = c("eastings","northings"))

43 # for each pollinator, define what land use classes are suitable

for nests↪→

44 nf <- list()

45 for (j in 1:3) {

46 nf[[j]] <- parameters[["florNestInfo"]][["attract"]] %>%

47 dplyr::filter(species == bees[[j]] & Nest_P1_b > 0.6) %>%



274

48 dplyr::select(lu)

49 }

50 # natural features are placed on grazing grassland

51 # and crop fields poorly suited for pollinators

52 product <- c(6,13,14,28:33,37:39)

53 names <- c("id","area","l_nf_by_lu","feature","width","gap", ⌋

"spatial","landuse","share",↪→

54 "ci_gn_pre","ci_gn_post","ci_tn_pre","ci_tn_post","ci_sb_pre", ⌋

"ci_sb_post",↪→

55 "vr_gn_pre","vr_gn_post","vr_tn_pre","vr_tn_post","vr_sb_pre", ⌋

"vr_sb_post",↪→

56 "q_gn_pre","q_gn_post","q_tn_pre","q_tn_post","q_sb_pre", ⌋

"q_sb_post")↪→

57

58 # set up parallel processing

59 cores <- detectCores()

60 cl <- makeCluster(cores - 1)

61 registerDoParallel(cl)

62 pb <- progress_bar$new(

63 format = " downloading [:bar] :percent eta: :eta",

64 total = 430, clear = FALSE, width= 60)

65

66 # for each farm "i"

67 foreach (i = 1:nrow(dat_sf)) %dopar% {

68

69 library(plyr)

70 library(dplyr)

71 library(sf)

72 library(raster)

73 library("EBImage")

74

75 # move on if farm located outside of the accepted map

76 if (is.na(sum(unlist(extract(cc, dat_sf[i,]))))) {next}
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77 count <- 1

78 # crop a 2000 by 2000 meter tile centered on farm "i"

79 tile <- crop(cc, extent(dat_sf[i, ]) + c(-1000, 1000, -1000,

1000))↪→

80 tile[tile[]==22] = 14

81 # extract land uses as vector

82 lu_vec <- unique(values(tile))

83 if (length(lu_vec)<3) {next}

84 # initialise the number of loops 'n'

85 n <- length(lu_vec) * length(widths) * length(gaps) *

length(spatial) * 2↪→

86 out <- matrix(NA, nrow = n, ncol = length(names))

87 colnames(out) <- names

88 empty <- tile

89 values(empty) <- 0

90 ci_pre <- list()

91 # for each pollinator species "s"

92 for (j in 1:3) {

93 # calculate connectivity index for base scenario

94 ci_pre[[j]] = connect_index_fun(tile, nf[[j]]$lu,

parameters$distance[parameters$distance$species==bees[[j]] &

parameters$distance$activity=="foraging", ⌋

"best_guess"])

↪→

↪→

↪→

95 }

96 # pre-intervention

97 # simulate nests

98 nf_pre <- computeFloralNesting(landuseMap=tile,

edgesMap=stack(empty,empty), unitEdges = "m", widthEdges=10,↪→

99 landuseCodes, bees=names(bees), num_floral=3,

100 florNestInfo=parameters$florNestInfo, codeEdges=c(11,21),

cell.size = 10,↪→

101 paramList=parameters)

102 # simulate visitation rates
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103 vr_pre <- runpoll_3seasons(M_poll0 = numeric(0), firstyear=TRUE,

firstyearfactor = c(1, 1, 1),↪→

104 bees = names(bees), cell.size = 10, paramList=parameters,

nest=nf_pre$nest,↪→

105 floral=nf_pre$floral, cutoff = 0.99, loc_managed)

106 for (f in 1:2) {

107 for (w in widths) {

108 for (g in gaps) {

109 # determine the placement of natural features in the landscape

110 treatments <- corridorFun(tile, product, w, g,

10)↪→

111 for (s in spatial) {

112 tile_post <- tile

113 if (s %in% c("corrs","islands"))

{↪→

114 action <-

feature_infield[f]↪→

115 }

116 else {

117 action <-

feature_edge[f]↪→

118 }

119 # create structures s = {corrs, isles, edges} of features f =

{natural regeneration, hedgerows, fruit trees}↪→

120 tile_post[treatments[[s]][]==1] <- action

121 ci_post <- list()

122 #

123 # # for each pollinator species "s"

124 for (j in 1:3)

{↪→

125 # calculate connectivity index for corridors, and islands
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126 ci_post[[j]] = connect_index_fun(tile_post, nf[[j]]$lu,

parameters$distance[parameters$distance$species==bees[[j]] &

parameters$distance$activity=="foraging", ⌋

"best_guess"])

↪→

↪→

↪→

127 }

128 # post-treatment

129 nf_post <- computeFloralNesting(landuseMap=tile_post,

edgesMap=stack(empty,empty), unitEdges = "m", widthEdges=10,↪→

130 landuseCodes, bees=names(bees), num_floral=3,

131 florNestInfo=parameters$florNestInfo, codeEdges=c(11,21),

cell.size = 10, paramList=parameters)↪→

132 vr_post <- runpoll_3seasons(M_poll0 = numeric(0),

firstyear=TRUE, firstyearfactor = c(1, 1, 1),↪→

133 bees = names(bees), cell.size = 10, paramList=parameters,

nest=nf_post$nest,↪→

134 floral=nf_post$floral, cutoff = 0.99, loc_managed)

135

136 for (lu in unique(lu_vec)) {

137

138 out[count, "id"] <- dat_sf$id[i]

139 out[count, "feature"] <- action

140 out[count, "width"] <- w

141 out[count, "spatial"] <- s

142 out[count, "gap"] <- g

143 out[count, "area"] <- length(

treatments[[s]][treatments[[s]][]==1])*100↪→

144 out[count, "l_nf_by_lu"] <- length(tile_post[tile[]==lu &

tile_post[] == action])*100↪→

145 out[count, "landuse"] <- lu

146 out[count, "share"] <- length(tile[tile[] == lu]) / length(tile)

* 100↪→

147 out[count, "ci_gn_pre"] <- ci_pre[[1]][["ci"]]

148 out[count, "ci_gn_post"] <- ci_post[[1]][["ci"]]



278

149 out[count, "ci_tn_pre"] <- ci_pre[[3]][["ci"]]

150 out[count, "ci_tn_post"] <- ci_post[[3]][["ci"]]

151 out[count, "ci_sb_pre"] <- ci_pre[[2]][["ci"]]

152 out[count, "ci_sb_post"] <- ci_post[[2]][["ci"]]

153 out[count, "vr_gn_pre"] <-

mean(vr_pre[["flowvis"]][["GNBumblebees"]][[3]][tile[]==lu])↪→

154 out[count, "vr_gn_post"] <-

mean(vr_post[["flowvis"]][["GNBumblebees"]][[3]][tile[]==lu])↪→

155 out[count, "vr_sb_pre"] <-

mean(vr_pre[["flowvis"]][["GNSolitaryBees"]][[1]][tile[]==lu])↪→

156 out[count, "vr_sb_post"] <-

mean(vr_post[["flowvis"]][["GNSolitaryBees"]][[1]][tile[]==lu])↪→

157 out[count, "vr_tn_pre"] <-

mean(vr_pre[["flowvis"]][["TNBumblebees"]][[3]][tile[]==lu])↪→

158 out[count, "vr_tn_post"] <-

mean(vr_post[["flowvis"]][["TNBumblebees"]][[3]][tile[]==lu])↪→

159 out[count, "q_gn_pre"] <-

mean(sum(vr_pre[["M_poll"]][["GNBumblebees"]][[2]][tile[]==lu]), ⌋

sum(vr_pre[["M_poll"]][["NBumblebees"]][[3]][tile[]==lu]))

↪→

↪→

160 out[count, "q_gn_post"] <-

mean(sum(vr_post[["M_poll"]][["GNBumblebees"]][[2]][tile[]==lu]), ⌋

sum(vr_post[["M_poll"]][["GNBumblebees"]][[3]][tile[]==lu]))

↪→

↪→

161 out[count, "q_sb_pre"] <-

sum(vr_pre[["M_poll"]][["GNSolitaryBees"]][[1]][tile[]==lu])↪→

162 out[count, "q_sb_post"] <-

sum(vr_post[["M_poll"]][["GNSolitaryBees"]][[1]][tile[]==lu])↪→

163 out[count, "q_tn_pre"] <-

mean(sum(vr_pre[["M_poll"]][["TBumblebees"]][[2]][tile[]==lu]), ⌋

sum(vr_pre[["M_poll"]][["TNBumblebees"]][[3]][tile[]==lu]))

↪→

↪→

164 out[count, "q_tn_post"] <-

mean(sum(vr_post[["M_poll"]][["TNBumblebees"]][[2]][tile[]==lu]), ⌋

sum(vr_post[["M_poll"]][["TNBumblebees"]][[3]][tile[]==lu]))

↪→

↪→
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165 count <- count +

1↪→

166 }

167 }

168 }

169 }

170 }

171 write.table(out, file=paste("./output/farm_",i,".txt",sep=""),

row.names=FALSE, col.names=TRUE)↪→

172 pb$tick()

173 }

174 print("Simulations complete!")

175 stopCluster(cl)

Landscape simulation4411

This script takes as input the current land use raster, the gap between features, the4412

width of features, and a vector of land use classes, product, describing economic4413

crops where ELM features should be applied. It simulates five spatial configura-4414

tions of the ELM features: In-field corridors, in-field islands, field-edge corridors,4415

field-edge mosaic, and contiguous patch.4416

1 corridorFun <- function (lu, product, width, gap, res) {

2 # 'w' determines the number of 10 m2 layers to add when

increasing the width of natural features. E.g. if width is

20, add 20/10-1=1 extra layer

↪→

↪→

3 w <- width / 10 - 1

4 gap <- gap / res

5 corridors <- lu

6 islands <- lu

7 edges <- lu
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8 mosaic <- lu

9 isle <- lu

10 # initialise each spatial configuration

11 values(corridors) <- 0

12 values(islands) <- 0

13 values(edges) <- 0

14 values(mosaic) <- 0

15 values(isle) <- 0

16 # in-field corridors

17 verticals <- seq(1, ncol(lu), gap)

18 horizontals <- seq(1, ncol(lu), gap)

19 # populate islands and in-field corridors

20 corridors[, verticals] <- 1

21 islands[horizontals, verticals] <- 1

22 for (i in 0:w) {

23 corridors[, verticals+i] <- 1

24 for (j in 0:w){

25 islands[horizontals+i, verticals+j] <- 1

26 }

27 }

28 # mosaic covering same area as corridors

29 gap_mos <- ncol(lu) /

round(sqrt(length(corridors[corridors[]==1])), -1)↪→

30 verticals_mos <- seq(1, ncol(lu), gap_mos)

31 horizontals_mos <- seq(1, ncol(lu), gap_mos)

32 mosaic[horizontals_mos, verticals_mos] <- 1

33 for (i in 0:w) {

34 mosaic[horizontals_mos, verticals_mos+i] <- 1

35 }

36 for (p in product) {

37 edges.p <- lu

38 edges.p[edges.p[] != p] <- NA

39 edges.p <- boundaries(edges.p)
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40 edges[edges.p[]==1] <- 1

41 }

42 # sample pixels from edges totalling the excess pixels in edges

compared to corridors, revert these to original land use

class

↪→

↪→

43 sample <- sample(which(edges[]==1),

44 max(length(edges[edges[]==1])-length(corridors[corridors[]==1]),

1),↪→

45 replace=FALSE)

46 edges[sample] <- 0

47 # singular island of natural feature

48 l <- round(sqrt(length(corridors[corridors[]==1])), -1)

49 isle[1:l, 1:l] <- 1

50 corridors[!lu[] %in% product] <- 0

51 islands[!lu[] %in% product] <- 0

52 mosaic[!lu[] %in% product] <- 0

53 isle[!lu[] %in% product] <- 0

54 projects <- list(isle, corridors, edges, mosaic, islands)

55 names(projects) <- c("isle","corrs","edges","mosaic","islands")

56 return(projects)

57 }

Calculate Hanski connectivity4417

This script calculates the Hanski (Hanski, 1994) index of habitat connectivity.4418

1 connect_index_fun <- function(raster, scheme, for_dist) {

2 # pixels that are not natural features set to 0

3 raster[!raster[] %in% scheme] = 0

4 # we reduce the resolution

5 raster = aggregate(raster, 10, max)

6 poly <- as(raster, "SpatialPolygonsDataFrame")
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7 lu_sf <- st_as_sf(poly, wkt = "geom")

8 names(lu_sf) <- c("lu","geometry")

9 # identify pixels that are natural features

10 lu_sf <- lu_sf[lu_sf$lu %in% scheme, ]

11 lu_buff <- st_buffer(lu_sf, dist = 1, nQuadSegs = 2)

12 lu_buff<-st_union(lu_buff)

13 # create polygons (parcels) of natural features

14 lu_buff<-st_cast(lu_buff, "POLYGON")

15 lu_buff <- st_as_sf(lu_buff, wkt = "geom")

16 # calculate the size of each parcel in m2

17 areas <-st_area(lu_buff[[2]])

18 class(areas) = "numeric"

19 avg_area = mean(areas)

20 ci = vector(length = length(areas))

21 coords = lu_buff[[2]]

22 d = st_distance(coords, coords, by_element = FALSE)

23 class(d) = "numeric"

24 # compute the connectivity index following Hanski (1994)

25 ci = rowSums(exp(-d/for_dist)*(areas)**0.5)

26 # compute average index over landscape cells

27 ci <- mean(ci)

28 output = list(ci,avg_area)

29 names(output) = c("ci","area")

30 return(output)

31 }

Latent class modelling and hypothesis testing4419

The following scripts estimate latent class models and specify hypothesis tests via4420

one-sided t-tests and joint inequality tests.4421
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DCE I Estimation4422

Reproduces table 4.4 and tests Hypothesis I of chapter 4.4423

1 ### Clear memory

2 rm(list = ls())

3 #install.packages("apollo")

4 #install.packages("readxl")

5 library(apollo)

6 library(readxl)

7 library(dplyr)

8 library(ggplot2)

9 # load DCE1 data

10 database = read_excel("apollo_data_full.xlsx", sheet = "dce1")

%>%↪→

11 # only keep answered choice tasks

12 filter(serial_sq == 0 &

13 between(hectare, 15, 800)) %>%

14 mutate(size = hectare,

15 mean_size = median(size)) %>%

16 group_by(id) %>%

17 mutate(n_optout = sum(choice == 0)/6 * 100) %>%

18 ungroup()

19 ### Initialise code

20 apollo_initialise()

21 ### Set core controls

22 apollo_control = list(

23 modelName = "LC_2classes_wta_base_model",

24 modelDescr = "LC model on first choice experiment (WTA)",

25 indivID = "id",

26 ncores = 3,

27 outputDirectory = "output"

28 )

29 # set unestimated attribute coefficients
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30 apollo_beta=c(

31 asc_c1_1 = 0,

32 asc_c1_2 = 0,

33 asc_c2_1 = 0,

34 asc_c2_2 = 0,

35 asc_none = 0,

36 b_trees_1 = 0,

37 b_redge_1 = 0,

38 b_fbound_1 = 0,

39 b_infield_1 = 0,

40 b_goodq_1 = 0,

41 b_area_1 = 0,

42 b_pay_1 = 0,

43 area_fsize_elast_1 = 0,

44 delta_1 = 0,

45 b_trees_2 = 0,

46 b_redge_2 = 0,

47 b_fbound_2 = 0,

48 b_infield_2 = 0,

49 b_goodq_2 = 0,

50 b_area_2 = 0,

51 b_pay_2 = 0,

52 area_fsize_elast_2 = 0,

53 delta_2 = 0,

54 female_shift_1 = 0,

55 female_shift_2 = 0,

56 grazing_shift_1 = 0,

57 grazing_shift_2 = 0)

58 apollo_fixed =

c("asc_none","delta_1","b_infield_1","b_infield_2")↪→

59

60 #### DEFINE LATENT CLASS COMPONENTS

61
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62 apollo_lcPars = function(apollo_beta, apollo_inputs){

63 lcpars = list()

64 lcpars[["asc_c1"]] = list(asc_c1_1, asc_c1_2)

65 lcpars[["asc_c2"]] = list(asc_c2_1, asc_c2_2)

66 lcpars[["b_trees"]] = list(b_trees_1, b_trees_2)

67 lcpars[["b_redge"]] = list(b_redge_1, b_redge_2)

68 lcpars[["b_fbound"]] = list(b_fbound_1, b_fbound_2)

69 lcpars[["b_infield"]] = list(b_infield_1, b_infield_2)

70 lcpars[["b_goodq"]] = list(b_goodq_1, b_goodq_2)

71 lcpars[["b_area"]] = list(b_area_1, b_area_2)

72 lcpars[["area_fsize_elast"]] = list(area_fsize_elast_1,

area_fsize_elast_2)↪→

73 lcpars[["b_pay"]] = list(b_pay_1, b_pay_2)

74 lcpars[["female_shift"]] = list(female_shift_1,

female_shift_2)↪→

75 lcpars[["grazing_shift"]] = list(grazing_shift_1,

grazing_shift_2)↪→

76 V=list()

77 V[["class_1"]] = delta_1

78 V[["class_2"]] = delta_2

79 classAlloc_settings = list(

80 classes = c(class_1=1, class_2=2),

81 utilities = V

82 )

83 lcpars[["pi_values"]] =

apollo_classAlloc(classAlloc_settings)↪→

84 return(lcpars)

85 }

86 # GROUP AND VALIDATE INPUTS

87 apollo_inputs = apollo_validateInputs()

88 # DEFINE MODEL AND LIKELIHOOD FUNCTION

89 # -----------------------------------



286

90 apollo_probabilities=function(apollo_beta, apollo_inputs,

functionality="estimate"){↪→

91 ### Attach inputs and detach after function exit

92 apollo_attach(apollo_beta, apollo_inputs)

93 on.exit(apollo_detach(apollo_beta,

apollo_inputs))↪→

94 ### Create list of probabilities P

95 P = list()

96 ### Define settings for MNL model component that are

generic across classes↪→

97 mnl_settings = list(

98 alternatives = c(A=1, B=2, none=0),

99 avail = list(A=1, B=1, none=1),

100 choiceVar = choice

101 )

102 area_value = list()

103 ### Loop over classes

104 for(s in 1:2){

105 area_value[[s]] = b_area[[s]] * (size /

mean_size) ^

area_fsize_elast[[s]]

↪→

↪→

106 ### Compute class-specific utilities

107 V=list()

108 V[["none"]] = asc_none

109 V[["A"]] = asc_c1[[s]] + female_shift[[s]] *

(female==1) +↪→

110 grazing_shift[[s]] * grazing +

111 b_trees[[s]] * (c1.type == 0) +

112 b_infield[[s]] * (c1.loc == 0) +

113 b_redge[[s]] * (c1.loc == 1) +

114 b_fbound[[s]] * (c1.loc == 2) +

115 b_goodq[[s]] * (c1.qual == 0) +

116 area_value[[s]] * (c1.area==1) +
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117 b_pay[[s]] * c1.pay

118 V[["B"]] = asc_c2[[s]] + female_shift[[s]] *

(female==1) +↪→

119 grazing_shift[[s]] * grazing +

120 b_trees[[s]] * (c2.type == 0) +

121 b_infield[[s]] * (c2.loc == 0) +

122 b_redge[[s]] * (c2.loc == 1) +

123 b_fbound[[s]] * (c2.loc == 2) +

124 b_goodq[[s]] * (c2.qual == 0) +

125 area_value[[s]] * (c2.area==1) +

126 b_pay[[s]] * c2.pay

127 mnl_settings$utilities = V

128 mnl_settings$componentName = paste0("Class_",

s)↪→

129 ### Compute within-class choice probabilities

using MNL model↪→

130 P[[paste0("Class_",s)]] =

apollo_mnl(mnl_settings,

functionality)

↪→

↪→

131 ### Take product across observation for same

individual↪→

132 P[[paste0("Class_",s)]] =

apollo_panelProd(P[[paste0("Class_",s)]],

apollo_inputs ,functionality)

↪→

↪→

133 }

134 ### Compute latent class model probabilities

135 lc_settings = list(inClassProb = P, classProb=pi_values)

136 P[["model"]] = apollo_lc(lc_settings, apollo_inputs,

functionality)↪→

137 ### Prepare and return outputs of function

138 P = apollo_prepareProb(P, apollo_inputs, functionality)

139 return(P)

140 }
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141 # estimate MNL model and print results

142 model = apollo_estimate(apollo_beta, apollo_fixed,

apollo_probabilities, apollo_inputs)↪→

143 apollo_modelOutput(model, list(printPVal = TRUE))

144 conditionals = apollo_conditionals(model,apollo_probabilities,

apollo_inputs)↪→

145 # write to file

146 apollo_saveOutput(model, saveOutput_settings = list(printPval =

TRUE))↪→

147 # -----------------------------------------

148 conditionals <- conditionals %>%

149 rename(id = ID) %>%

150 # assign class membership based on posterior probabilitites

151 mutate(class1_prob = case_when(X1 <= 0.2 ~ 2,

152 X1 >= 0.8 ~ 1,

153 X1 > 0.2 & X1 < 0.8 ~ 3))

154 write.csv(conditionals, "lc_conditionals_CE1.csv")

155 #------------------------------------------

156 # Joint inequality test - H0: beta_{payment} <= 0 <= beta_{area}

157 # High engagement class

158 omega <- model$varcov

159 print(row.names(omega))

160 omega <- as.matrix(omega[c(9,10), c(9,10)])

161 omega

162 beta <- model$estimate[11:12]

163 beta

164 R <- 10000

165 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

166 num = sum(draws[,1]>=draws[,2] | (draws[,1]>=0))/R

167 num # 0.02

168 # Low engagement class

169 omega <- model$varcov

170 print(row.names(omega))
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171 omega <- as.matrix(omega[c(16,17), c(16,17)])

172 omega

173 beta <- model$estimate[20:21]

174 beta

175 R <- 10000

176 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

177 num = sum(draws[,1]>=draws[,2] | (draws[,1]>=0))/R

178 num # 0

DCE II (WTA) Estimation4424

Reproduces tables 4.5 and 4.6, and tests Hypothesis II and Hypothesis III of chapter4425

4.4426

1 ### Clear memory

2 rm(list = ls())

3 #install.packages("apollo")

4 #install.packages("readxl")

5 library(apollo)

6 library(readxl)

7 library(dplyr)

8 library(ggplot2)

9 # load trade WTA data

10 database = read_excel("apollo_data_full.xlsx", sheet =

"dce_wta") %>%↪→

11 # only keep answered choice tasks

12 filter(serial_sq == 0 & !is.na(age)) %>%

13 filter(hectare > quantile(hectare, probs =

seq(0,1,0.05))[2] &↪→

14 hectare < quantile(hectare, probs = seq(0,1,0.05))[20])

%>%↪→

15 mutate(c1.ratio_cont = case_when(c1.ratio == 0 ~ 5,

16 c1.ratio == 1 ~ 10,
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17 c1.ratio == 2 ~ 20),

18 c2.ratio_cont = case_when(c2.ratio == 0 ~ 5,

19 c2.ratio == 1 ~ 10,

20 c2.ratio == 2 ~ 20),

21 c1.fee_cont = case_when(c1.fee == 0 ~ 5,

22 c1.fee == 1 ~ 10),

23 c2.fee_cont = case_when(c2.fee == 0 ~ 5,

24 c2.fee == 1 ~ 10),

25 irrational = case_when(task == 2 & choice == 2 ~ 1,

26 .default = 0)) %>%

27 group_by(id) %>%

28 mutate(irrational = max(irrational),

29 n_optout = sum(choice == 0)/6 * 100)

30 ### Initialise code

31 apollo_initialise()

32 ### Set core controls

33 apollo_control = list(

34 modelName = "LC_2classes_wtp_base_model",

35 modelDescr = "LC model on second choice experiment

(WTP)",↪→

36 indivID = "id",

37 ncores = 3,

38 outputDirectory = "output"

39 )

40 # set unestimated attribute coefficients

41 apollo_beta=c(asc_c1_1 = 0,

42 asc_c1_2 = 0,

43 asc_c2_1 = 0,

44 asc_c2_2 = 0,

45 asc_none = 0,

46 b_5to1_1 = 0,

47 b_10to1_1 = 0,

48 b_20to1_1 = 0,
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49 b_fee_1 = 0,

50 b_pay_1 = 0,

51 delta_1 = 0,

52 b_5to1_2 = 0,

53 b_10to1_2 = 0,

54 b_20to1_2 = 0,

55 b_fee_2 = 0,

56 b_pay_2 = 0,

57 delta_2 = 0)

58 apollo_fixed =

c("asc_none","delta_1","b_5to1_1","b_5to1_2")↪→

59 # -----------------------------------

60 apollo_lcPars = function(apollo_beta, apollo_inputs){

61 lcpars = list()

62 lcpars[["asc_c1"]] = list(asc_c1_1, asc_c1_2)

63 lcpars[["asc_c2"]] = list(asc_c2_1, asc_c2_2)

64 lcpars[["b_5to1"]] = list(b_5to1_1, b_5to1_2)

65 lcpars[["b_10to1"]] = list(b_10to1_1, b_10to1_2)

66 lcpars[["b_20to1"]] = list(b_20to1_1, b_20to1_2)

67 lcpars[["b_fee"]] = list(b_fee_1, b_fee_2)

68 lcpars[["b_pay"]] = list(b_pay_1,

b_pay_2)↪→

69 V=list()

70 V[["class_1"]] = delta_1

71 V[["class_2"]] = delta_2

72 classAlloc_settings = list(

73 classes = c(class_1=1, class_2=2),

74 utilities = V

75 )

76 lcpars[["pi_values"]] =

apollo_classAlloc(classAlloc_settings)↪→

77 return(lcpars)

78 }
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79 apollo_inputs = apollo_validateInputs()

80 apollo_probabilities=function(apollo_beta,

apollo_inputs,

functionality="estimate"){

↪→

↪→

81 ### Attach inputs and detach after function exit

82 apollo_attach(apollo_beta, apollo_inputs)

83 on.exit(apollo_detach(apollo_beta,

apollo_inputs))↪→

84 ### Create list of probabilities P

85 P = list()

86 ### Define settings for MNL model component that

are generic across classes↪→

87 mnl_settings = list(

88 alternatives = c(A=1, B=2, none=0),

89 avail = list(A=1, B=1, none=1),

90 choiceVar = choice

91 )

92 ### Loop over classes

93 for(s in 1:2){

94 ### Compute class-specific utilities

95 V=list()

96 V[["none"]] = asc_none

97 V[["A"]] = asc_c1[[s]] +

98 b_5to1[[s]] * (c1.ratio == 0) +

99 b_10to1[[s]] * (c1.ratio == 1) +

100 b_20to1[[s]] * (c1.ratio == 2) +

101 b_fee[[s]] * c1.fee_cont +

102 b_pay[[s]] * c1.pay

103 V[["B"]] = asc_c2[[s]] +

104 b_5to1[[s]] * (c2.ratio == 0) +

105 b_10to1[[s]] * (c2.ratio == 1) +

106 b_20to1[[s]] * (c2.ratio == 2) +

107 b_fee[[s]] * c2.fee_cont +
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108 b_pay[[s]] * c2.pay

↪→

109 mnl_settings$utilities = V

110 mnl_settings$componentName =

paste0("Class_",

s)

↪→

↪→

111 ### Compute within-class choice

probabilities using MNL model↪→

112 P[[paste0("Class_",s)]] =

apollo_mnl(mnl_settings,

functionality)

↪→

↪→

113 ### Take product across observation for

same individual↪→

114 P[[paste0("Class_",s)]] =

apollo_panelProd(P[[paste0("Class_", ⌋

s)]], apollo_inputs

, ⌋

functionality)

↪→

↪→

↪→

↪→

115 }

116 ### Compute latent class model probabilities

117 lc_settings = list(inClassProb = P,

classProb=pi_values)↪→

118 P[["model"]] = apollo_lc(lc_settings,

apollo_inputs, functionality)↪→

119 ### Prepare and return outputs of function

120 P = apollo_prepareProb(P, apollo_inputs,

functionality)↪→

121 return(P)

122 }

123 # estimate MNL model and print results

124 model = apollo_estimate(apollo_beta, apollo_fixed,

apollo_probabilities, apollo_inputs)↪→

125 apollo_modelOutput(model, list(printPVal = TRUE))
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126 conditionals =

apollo_conditionals(model,apollo_probabilities,

apollo_inputs)

↪→

↪→

127 # write to file

128 apollo_saveOutput(model, saveOutput_settings =

list(printPval = TRUE))↪→

129 # -----------------------------------

130 # assign respondents to classes based on posterior

probabilities↪→

131 conditionals <- conditionals %>%

132 rename(id = ID) %>%

133 mutate(class1_prob = case_when(X1 <= 0.2 ~ 2,

134 X1 >= 0.8 ~ 1,

135 X1 > 0.2 & X1 < 0.8 ~ 3))

136 write.csv(conditionals, "lc_conditionals_wta.csv")

137 # Joint inequality test: H0: beta_{20:1} <= beta_{10:1}

<= 0↪→

138 # high engagement class

139 omega <- model$varcov

140 print(row.names(omega))

141 omega <- as.matrix(omega[c(5,6), c(5,6)])

142 omega

143 beta <- model$estimate[7:8]

144 beta

145 R <- 10000

146 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

147 num = sum(draws[,1]>draws[,2])/R

148 num # 0.00

149 # low engagement class

150 omega <- model$varcov

151 print(row.names(omega))

152 omega <- as.matrix(omega[c(9,10), c(9,10)])

153 omega
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154 beta <- model$estimate[13:14]

155 beta

156 R <- 10000

157 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

158 num = sum(draws[,1]>draws[,2])/R

159 num # 0.084

DCE II (WTP) Estimation4427

1 ### Clear memory

2 rm(list = ls())

3 library(apollo)

4 library(readxl)

5 library(dplyr)

6 library(ggplot2)

7 # load trade WTP scenario data

8 database = read_excel("apollo_data_full.xlsx", sheet =

"dce_wtp") %>%↪→

9 # only keep answered choice tasks

10 filter(serial_sq == 0) %>%

11 filter(hectare > quantile(hectare, probs =

seq(0,1,0.05))[2] &↪→

12 hectare < quantile(hectare, probs = seq(0,1,0.05))[20])

%>%↪→

13 mutate(c1.ratio_cont = case_when(c1.ratio == 0 ~ 5,

14 c1.ratio == 1 ~ 10,

15 c1.ratio == 2 ~ 20),

16 c2.ratio_cont = case_when(c2.ratio == 0 ~ 5,

17 c2.ratio == 1 ~ 10,

18 c2.ratio == 2 ~ 20),

19 c1.fee_cont = case_when(c1.fee == 0 ~ 5,

20 c1.fee == 1 ~ 10),

21 c2.fee_cont = case_when(c2.fee == 0 ~ 5,
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22 c2.fee == 1 ~ 10),

23 irrational = case_when(task == 3 & choice == 2 ~ 1,

24 .default = 0)) %>%

25 group_by(id) %>%

26 mutate(n_optout = sum(choice == 0)/6 * 100) %>%

27 # exclude respondents who answer choice task 3

irrationally↪→

28 filter(all(irrational == 0)) %>%

29 ungroup()

30 ### Initialise code

31 apollo_initialise()

32 ### Set core controls

33 apollo_control = list(

34 modelName = "LC_2classes_wtp_base_model",

35 modelDescr = "LC model on second choice experiment

(WTP)",↪→

36 indivID = "id",

37 ncores = 3,

38 outputDirectory = "output"

39 )

40 # set unestimated attribute coefficients

41 apollo_beta=c(asc_c1_1 = 0,

42 asc_c1_2 = 0,

43 asc_c2_1 = 0,

44 asc_c2_2 = 0,

45 asc_none = 0,

46 b_5to1_1 = 0,

47 b_10to1_1 = 0,

48 b_20to1_1 = 0,

49 b_fee_1 = 0,

50 b_pay_1 = 0,

51 delta_1 = 0,

52 b_5to1_2 = 0,
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53 b_10to1_2 = 0,

54 b_20to1_2 = 0,

55 b_fee_2 = 0,

56 b_pay_2 = 0,

57 delta_2 = 0)

58 apollo_fixed = c("asc_none","delta_1","b_5to1_1", ⌋

"b_5to1_2")↪→

59 apollo_lcPars = function(apollo_beta, apollo_inputs){

60 lcpars = list()

61 lcpars[["asc_c1"]] = list(asc_c1_1, asc_c1_2)

62 lcpars[["asc_c2"]] = list(asc_c2_1, asc_c2_2)

63 lcpars[["b_5to1"]] = list(b_5to1_1, b_5to1_2)

64 lcpars[["b_10to1"]] = list(b_10to1_1, b_10to1_2)

65 lcpars[["b_20to1"]] = list(b_20to1_1, b_20to1_2)

66 lcpars[["b_fee"]] = list(b_fee_1, b_fee_2)

67 lcpars[["b_pay"]] = list(b_pay_1,

b_pay_2)↪→

68 V=list()

69 V[["class_1"]] = delta_1

70 V[["class_2"]] = delta_2

71 classAlloc_settings = list(

72 classes = c(class_1=1, class_2=2),

73 utilities = V

74 )

75 lcpars[["pi_values"]] =

apollo_classAlloc(classAlloc_settings)↪→

76 return(lcpars)

77 }

78 apollo_inputs = apollo_validateInputs()

79 apollo_probabilities=function(apollo_beta,

apollo_inputs,

functionality="estimate"){

↪→

↪→

80 ### Attach inputs and detach after function exit
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81 apollo_attach(apollo_beta, apollo_inputs)

82 on.exit(apollo_detach(apollo_beta,

apollo_inputs))↪→

83 ### Create list of probabilities P

84 P = list()

85 ### Define settings for MNL model component that

are generic across classes↪→

86 mnl_settings = list(

87 alternatives = c(A=1, B=2, none=0),

88 avail = list(A=1, B=1, none=1),

89 choiceVar = choice

90 )

91 ### Loop over classes

92 for(s in 1:2){

93 ### Compute class-specific utilities

94 V=list()

95 V[["none"]] = asc_none

96 V[["A"]] = asc_c1[[s]] +

97 b_5to1[[s]] * (c1.ratio == 0) +

98 b_10to1[[s]] * (c1.ratio == 1) +

99 b_20to1[[s]] * (c1.ratio == 2) +

100 b_fee[[s]] * c1.fee_cont +

101 b_pay[[s]] *

c1.pay↪→

102 V[["B"]] = asc_c2[[s]] +

103 b_5to1[[s]] * (c2.ratio == 0) +

104 b_10to1[[s]] * (c2.ratio == 1) +

105 b_20to1[[s]] * (c2.ratio == 2) +

106 b_fee[[s]] * c2.fee_cont +

107 b_pay[[s]] * c2.pay

↪→

108 mnl_settings$utilities = V
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109 mnl_settings$componentName =

paste0("Class_", s)↪→

110 ### Compute within-class choice

probabilities using MNL model↪→

111 P[[paste0("Class_",s)]] =

apollo_mnl(mnl_settings,

functionality)

↪→

↪→

112 ### Take product across observation for

same individual↪→

113 P[[paste0("Class_",s)]] =

apollo_panelProd(P[[paste0("Class_", ⌋

s)]], apollo_inputs

, ⌋

functionality)

↪→

↪→

↪→

↪→

114 }

115 ### Compute latent class model probabilities

116 lc_settings = list(inClassProb = P,

classProb=pi_values)↪→

117 P[["model"]] = apollo_lc(lc_settings,

apollo_inputs, functionality)↪→

118 ### Prepare and return outputs of function

119 P = apollo_prepareProb(P, apollo_inputs,

functionality)↪→

120 return(P)

121 }

122 # estimate MNL model and print results

123 model = apollo_estimate(apollo_beta, apollo_fixed,

apollo_probabilities, apollo_inputs)↪→

124 apollo_modelOutput(model, list(printPVal = TRUE))

125 conditionals =

apollo_conditionals(model,apollo_probabilities,

apollo_inputs)

↪→

↪→

126 # write to file
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127 apollo_saveOutput(model, saveOutput_settings =

list(printPval = TRUE))↪→

128 # ------------------------------------------------------

129 # assign respondents to classes based on posterior

probabilities↪→

130 conditionals <- conditionals %>%

131 rename(id = ID) %>%

132 mutate(class1_prob = case_when(X1 <= 0.2 ~ 2,

133 X1 >= 0.8 ~ 1,

134 X1 > 0.2 & X1 < 0.8 ~ 3))

135 write.csv(conditionals,

"lc_conditionals_wtp.csv")↪→

136 # Joint inequality test: H0: beta_{20:1} <= beta_{10:1}

<= 0↪→

137 # high engagement class

138 omega <- model$varcov

139 print(row.names(omega))

140 omega <- as.matrix(omega[c(5,6), c(5,6)])

141 omega

142 beta <- model$estimate[7:8]

143 beta

144 R <- 10000

145 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

146 num = sum(draws[,1]>=draws[,2])/R

147 num # 0.004

148 # low engagement class

149 omega <- model$varcov

150 print(row.names(omega))

151 omega <- as.matrix(omega[c(9,10), c(9,10)])

152 omega

153 beta <- model$estimate[13:14]

154 beta

155 R <- 10000
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156 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

157 num = sum(draws[,1]>=draws[,2])/R

158 num # 0.16

DCE III Estimation4428

Reproduces table 5.5 and tests Hypothesis II and Hypothesis III of chapter 5.4429

1 ### Clear memory

2 rm(list = ls())

3 library(apollo)

4 library(readxl)

5 library(dplyr)

6 # load trade CE3 data

7 database = read_excel("apollo_data_full.xlsx", sheet =

"dce3") %>%↪→

8 # only keep answered choice tasks

9 filter(serial_sq == 0 & !is.na(ea_respect)) %>%

10 filter(hectare > quantile(hectare, probs =

seq(0,1,0.05))[2] &↪→

11 hectare < quantile(hectare, probs = seq(0,1,0.05))[20])

%>%↪→

12 mutate(c1.bonus_real = c1.coord * c1.bonus,

13 c2.bonus_real = c2.coord * c2.bonus)

14 ### Initialise code

15 apollo_initialise()

16 ### Set core controls

17 apollo_control = list(

18 modelName = "LC_ce3_model",

19 modelDescr = "LC model on third choice experiment",

20 indivID = "id",

21 ncores = 3,

22 outputDirectory = "output"
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23 )

24 # set unestimated attribute coefficients

25 apollo_beta=c(asc_c1_1 = 0,

26 asc_c1_2 = 0,

27 asc_c2_1 = 0,

28 asc_c2_2 = 0,

29 asc_none = 0,

30 b_trees_1 = 0,

31 b_trees_2 = 0,

32 b_nocoord_1 = 0,

33 b_nocoord_2 = 0,

34 b_coord1_1 = 0,

35 b_coord1_2 = 0,

36 b_coord2_1 = 0,

37 b_coord2_2 = 0,

38 coord1_sharing_1 = 0,

39 coord1_sharing_2 = 0,

40 coord2_sharing_1 = 0,

41 coord2_sharing_2 = 0,

42 b_width10m_1 = 0,

43 b_width10m_2 = 0,

44 b_width20m_1 = 0,

45 b_width20m_2 = 0,

46 b_bonus_1 = 0,

47 b_bonus_2 = 0,

48 b_pay_1 = 0,

49 b_pay_2 = 0,

50 delta_1 = 0,

51 delta_2 = 0,

52 grazing_shift_1 = 0,

53 grazing_shift_2 = 0

54 )
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55 apollo_fixed = c("asc_none", "delta_1", "b_nocoord_1",

"b_nocoord_2","b_width10m_1","b_width10m_2")↪→

56 apollo_lcPars = function(apollo_beta, apollo_inputs){

57 lcpars = list()

58 lcpars[["asc_c1"]] = list(asc_c1_1, asc_c1_2)

59 lcpars[["asc_c2"]] = list(asc_c2_1, asc_c2_2)

60 lcpars[["b_trees"]] = list(b_trees_1, b_trees_2)

61 lcpars[["b_nocoord"]] = list(b_nocoord_1,

b_nocoord_2)↪→

62 lcpars[["b_coord1"]] = list(b_coord1_1,

b_coord1_2)↪→

63 lcpars[["b_coord2"]] = list(b_coord2_1,

b_coord2_2)↪→

64 lcpars[["coord1_sharing"]] =

list(coord1_sharing_1, coord1_sharing_2)↪→

65 lcpars[["coord2_sharing"]] =

list(coord2_sharing_1, coord2_sharing_2)↪→

66 lcpars[["b_width10m"]] = list(b_width10m_1,

b_width10m_2)↪→

67 lcpars[["b_width20m"]] = list(b_width20m_1,

b_width20m_2)↪→

68 lcpars[["b_bonus"]] = list(b_bonus_1, b_bonus_2)

69 lcpars[["b_pay"]] = list(b_pay_1, b_pay_2)

70 lcpars[["grazing_shift"]] =

list(grazing_shift_1, grazing_shift_2)↪→

71 V=list()

72 V[["class_1"]] = delta_1

73 V[["class_2"]] = delta_2

74 classAlloc_settings = list(

75 classes = c(class_1=1, class_2=2),

76 utilities = V

77 )
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78 lcpars[["pi_values"]] =

apollo_classAlloc(classAlloc_settings)↪→

79 return(lcpars)

80 }

81 apollo_inputs = apollo_validateInputs()

82 apollo_probabilities=function(apollo_beta,

apollo_inputs, functionality="estimate"){↪→

83 ### Attach inputs and detach after function exit

84 apollo_attach(apollo_beta, apollo_inputs)

85 on.exit(apollo_detach(apollo_beta,

apollo_inputs))↪→

86 ### Create list of probabilities P

87 P = list()

88 ### Define settings for MNL model component that

are generic across classes↪→

89 mnl_settings = list(

90 alternatives = c(A=1, B=2, none=0),

91 avail = list(A=1, B=1, none=1),

92 choiceVar = choice

93 )

94 ### Loop over classes

95 for(s in 1:2){

96 ### Compute class-specific utilities

97 V=list()

98 V[["none"]] = asc_none

99 V[["A"]] = asc_c1[[s]] +

100 grazing_shift[[s]] * grazing +

101 b_trees[[s]] * (c1.type == 0) +

102 b_width10m[[s]] * (c1.width == 0) +

103 b_width20m[[s]] * (c1.width == 1) +

104 b_nocoord[[s]] * (c1.coord == 0) +

105 b_coord1[[s]] * (c1.coord == 1) +

106 b_coord2[[s]] * (c1.coord == 2) +
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107 coord1_sharing[[s]] * (c1.coord==1) *

(sharing==1) +↪→

108 coord2_sharing[[s]] * (c1.coord==2) *

(sharing==1) +↪→

109 b_bonus[[s]] * c1.bonus_real +

110 b_pay[[s]]*c1.pay

111 V[["B"]] = asc_c2[[s]] +

112 grazing_shift[[s]] * grazing +

113 b_trees[[s]] * (c2.type == 0) +

114 b_width10m[[s]] * (c2.width == 0) +

115 b_width20m[[s]] * (c2.width == 1) +

116 b_nocoord[[s]] * (c2.coord == 0) +

117 b_coord1[[s]] * (c2.coord == 1) +

118 b_coord2[[s]] * (c2.coord == 2) +

119 coord1_sharing[[s]] * (c2.coord==1) *

(sharing==1) +↪→

120 coord2_sharing[[s]] * (c2.coord==2) *

(sharing==1) +↪→

121 b_bonus[[s]] * c2.bonus_real +

122 b_pay[[s]] * c2.pay

123 mnl_settings$utilities = V

124 mnl_settings$componentName =

paste0("Class_", s)↪→

125 ### Compute within-class choice

probabilities using MNL model↪→

126 P[[paste0("Class_",s)]] =

apollo_mnl(mnl_settings,

functionality)

↪→

↪→

127 ### Take product across observation for

same individual↪→

128 P[[paste0("Class_",s)]] =

apollo_panelProd(P[[paste0("Class_", ⌋

s)]], apollo_inputs ,functionality)

↪→

↪→
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129 }

130 ### Compute latent class model probabilities

131 lc_settings = list(inClassProb = P,

classProb=pi_values)↪→

132 P[["model"]] = apollo_lc(lc_settings,

apollo_inputs, functionality)↪→

133 ### Prepare and return outputs of function

134 P = apollo_prepareProb(P, apollo_inputs,

functionality)↪→

135 return(P)

136 }

137 # estimate MNL model and print results

138 model = apollo_estimate(apollo_beta, apollo_fixed,

apollo_probabilities, apollo_inputs)↪→

139 conditionals <-

apollo_conditionals(model,apollo_probabilities,

apollo_inputs)

↪→

↪→

140 apollo_modelOutput(model, list(printPVal = TRUE))

141 # write to file

142 apollo_saveOutput(model, saveOutput_settings =

list(printPval = TRUE))↪→

143 # -----------------------------------

144 conditionals <- conditionals %>%

145 rename(id = ID) %>%

146 mutate(class1_prob = case_when(X1 <= 0.2 ~ 1,

147 X1 >= 0.8 ~ 2,

148 X1 > 0.2 & X1 < 0.8 ~ 3))

149 write.csv(conditionals, "lc_conditionals_ce3.csv")

150 # Joint inequality tests

151 # H2 class 2

152 omega <- model$varcov

153 print(row.names(omega))

154 omega <- as.matrix(omega[c(8,10), c(8,10)])
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155 omega

156 beta <- model$estimate[c(11,13)]

157 beta

158 R <- 10000

159 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

160 num = sum(draws[,1]<=draws[,2])/R

161 num # 0.12

162 # H2 class 1

163 omega <- model$varcov

164 print(row.names(omega))

165 omega <- as.matrix(omega[c(7,9), c(7,9)])

166 omega

167 beta <- model$estimate[c(10,12)]

168 beta

169 R <- 10000

170 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

171 num = sum(draws[,1]<=draws[,2])/R

172 num # 0.001

173 # H3 class I

174 omega <- model$varcov

175 print(row.names(omega))

176 omega <- as.matrix(omega[c(11,13), c(11,13)])

177 omega

178 beta <- model$estimate[c(14,16)]

179 beta

180 R <- 10000

181 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

182 num = sum(draws[,1]<=draws[,2] | draws[,2]<=0)/R

183 num # 0.78

184 # H3 class II

185 omega <- model$varcov

186 print(row.names(omega))

187 omega <- as.matrix(omega[c(12,14), c(12,14)])



308

188 omega

189 beta <- model$estimate[c(15,17)]

190 beta

191 R <- 10000

192 draws <- mvtnorm::rmvnorm(R, mean = beta, sigma = omega)

193 num = sum(draws[,1]<=draws[,2] | draws[,1]<=0)/R

194 num # 0.66
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