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1 Introduction
Experimental and behavioral economics research has challenged and improved how

economists think about people and their actions. By recognizing and testing myriad

factors that drive behavior beyond neo-classical economic assumptions about

rationality, these fields have contributed to a richer understanding of human

decision-making. Furthermore, by using experimental methods that rely on ran-

domly assigned controls and treatments, researchers have identified the marginal

effects of exogenous factors such as design attributes of programs and policies aimed

at improving social wellbeing and environmental conditions.

The expansion of our understanding of human behavior made possible by exper-

imental and behavioral economics has been widely recognized. In 2019, the Nobel

Memorial Prize in Economic Sciences was bestowed on three development

economists—Abhijit Banerjee, Esther Duflo, and Michael Kremer—who use ran-

domized controlled trials (RCTs, a type of field experiment) to examine programs

and policies that can improve lives in poor communities, often in the context of
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developing countries. In 2017, the Nobel Prize went to Richard Thaler for his broad

contributions to behavioral economics. These winners built on the work of several

earlier behavioral and experimental economists, including 2002 Nobel Prize

recipients Daniel Kahneman and Vernon Smith.

Agricultural and applied economists use experimental and behavioral economics

approaches to analyze a variety of decisions of consumers and producers, including

decisions that affect the environment. Economic experiments have been instrumental

for examinations of consumer behavior, including consumer demand for environmen-

tally friendly products (see, for instance, Loureiro, McCluskey, and Mittelhammer

(2002), Teisl, Roe, and Hicks (2002), Lagerkvist and Hess (2011), Kecinski,

Messer, and Peo (2018), and Savchenko, Kecinski, Li, Messer, and Xu (2018)),
willingness to pay for green infrastructure provisions (Ellis, Fooks, Messer, &

Miller, 2016), and engagement in pro-environmental behaviors (Byerly et al.,

2018). Additionally, insights from behavioral economics have contributed to our

nuanced understanding of consumer decision-making broadly (Foxall, 2017) and

of decisions with environmental implications (Brown & Hagen, 2010). Certainly,

more research is needed in this area; however, given the relatively large number of

existing consumer studies of pro-environmental decision-making and existing high-

quality reviews of research applying experiments to consumer behavior and food pol-

icy (Canavari, Drichoutis, Lusk, & Nayga, 2019; Just & Byrne, 2020), we focus this

chapter primarily on issues related to conducting experiments on the supply side of

agri-environmental programs. The literature examining producer behavior related

to environmental decision-making is growing but remains small compared to the

plethora of consumer research overall. Furthermore, while many insights have been

applied to consumer behavior, less evidence has been developed about whether these

insights will lead to the same behavioral changes in producer behavior.

Why is it critical to improve our understanding of decision-making related to

agri-environmental issues? Human-engineered agricultural landscapes comprise

about half of the world’s habitable land area (Ritchie & Roser, 2013), and manage-

ment of those landscapes has a profound impact on natural resources and provision of

ecosystem services at multiple scales. Water resources are particularly affected by

agriculture. For instance, while water quality in the United States has been improved

over the past 50 years by reducing industrial (point source) pollution, diffuse (non-

point source) pollution remains a major concern and agriculture is a leading contrib-

utor of it. Approximately 53% of the miles of rivers and streams and 70% of the acres

of lakes, ponds, and reservoirs are listed as “impaired” and as not meeting designated

use standards (U.S. Environmental Protection Agency (EPA), 2018).

Agri-environmental programs and policies are used to improve the quality of

water, air, soil, and other natural resources by promoting management practices that

mitigate the negative effects (externalities) of production and enhance provision of

ecosystem services in agricultural landscapes. These practices are often referred to as

conservation practices or best management practices (BMPs). In the United States,

agri-environmental programs and policies tend to use monetary “carrots” rather than

regulatory “sticks” to encourage BMP adoption by land managers (Ribaudo, 2015).
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At the federal level, the U.S. Department of Agriculture (USDA) spends more than

$6 billion annually on voluntary conservation programs that offer payments for

ecosystem services (PES) to offset producers’ costs of adopting BMPs. Well-

designed agri-environmental programs can be effective in protecting and restoring

environmental resources. Also important are programs that target consumer

behavior and choices since consumer demand applies pressure to various points in

the supply chain and can ultimately change which products are supplied and how

food and fiber products are produced (Khanna, Swinton, & Messer, 2018;

Waldman & Kerr, 2014).

Achieving environmental improvements with limited funding is a key challenge

for agri-environmental programs (Duke, Dundas, & Messer, 2013; Messer & Allen,

2018). Consequently, many program managers are interested in applying insights

from behavioral and experimental economics so they can improve how programs

are designed to increase the cost-effectiveness of their efforts (Higgins,

Hellerstein, Wallander, & Lynch, 2017). The evidence supporting behavioral eco-

nomics insights for individual and consumer behavior is extensive, as is application

of these insights to improve policy and program effectiveness (see, for instance,

Chetty, 2015; Dellavigna, 2009; Madrian, 2014). However, studies that test how

behavioral insights can be used to improve program performance with producers

in large-scale agri-environmental programs are rare and represent a critical gap in

the literature (see Palm-Forster, Ferraro, Janusch, Vossler, & Messer, 2019).

Using experimental economics to inform U.S. agri-environmental policies and

programs can also be beneficial when bringing federal agri-environmental programs

into compliance with the Foundations of Evidence-based Policymaking Act of 2018

(known as the Evidence Act). The Evidence Act requires federal agencies to develop

agency “learning agendas” that assist them in identifying key questions related to

their programs and evidence-based approaches to answer those questions

(Abraham et al., 2017). To date, USDA’s use of evidence from economic experi-

ments and randomized field experiments is lagging behind efforts of other federal

agencies such as the Department of Health and Human Services and the Department

of Education. It is difficult to imagine the federal effort to fight COVID-19 proceed-

ing without careful experimental protocols and testing of new vaccines. Likewise, it

is nearly impossible to imagine the many benefits derived from modern agricultural

seeds in terms of crop yields without careful field experiments. In many domains, the

power of careful experimentation is being harnessed to improve societal outcomes,

and it is vital to bring this power to agri-environmental program and policy contexts

as well. Fortunately, the Evidence Act calls for all federal agencies in the United

States to take this approach with their programs to ensure their effectiveness in

delivering the desired objectives and their cost-effective use of taxpayer funds that

support the programs.

Though agricultural and applied economists are increasingly using experimental

and behavioral economics approaches to study agri-environmental issues, the

amount of research conducted in this area is quite thin compared to such studies

of topics in education, finance, health, and pro-environmental behaviors such as

energy and water conservation. It is likely that some behavioral insights from other
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fields will apply to agri-environmental issues while others will not because of

characteristics unique to those contexts.

In particular, agri-environmental programs and policies often aim to change

long-term management decisions affecting production of impure public goods. The

model of impure public goods reflects actions that produce both private and public

goods (Cornes & Sandler, 1994), which is often true of agri-environmental decisions.

No-till agricultural practices, for example, can reduce sediment loss, which improves

water quality (a public good), and improve soil structure and infiltration, which im-

prove crop yields (private goods). Such joint production of private and public benefits
changes the incentives for agricultural decision-makers relative to decisions that solely

affect private or public goods. To date, the broader behavioral science literature has

mostly addressed contexts that involve purely private or purely public goods so it is

not clear whether insights from that literature can be directly applied to the design

of agri-environmental programs and policies. This is a critical gap in our understanding

that needs to be closed.1

A primary appeal of using experimental approaches to evaluate and inform agri-

environmental programs and policies is the ability to draw strong inferences about

causal relationships between interventions and outcomes, making them attractive to

policymakers. For example, behavioral and experimental research has suggested that

agri-environmental programs can be more cost-effective by using reverse auctions to

distribute funds, allowing administrators to target often-limited resources to areas

where they will have the greatest impact and streamlining programs to reduce

farmers’ transaction costs and increase participation (Ferraro, 2008; Fooks et al.,

2016; Palm-Forster, Swinton, Lupi, & Shupp, 2016; Schilizzi, 2017). Experiments

have also shown that screening mechanisms can increase the cost-effectiveness of

conservation programs by reducing adverse selection (Arnold, Duke, & Messer,

2013) and that greater communication improves program outcomes (Banerjee,

Cason, de Vries, & Hanley, 2017). In Section 2, we provide a more-detailed sum-

mary of how experiments have been used to test economic mechanisms that can in-

form the design of agri-environmental policies and programs.

A second application of experimental economics research lies in using experiments

to test the effects of low-cost behavioral “nudges” aimed at increasing participation in

agri-environmental programs and enhancing ecosystem services cost-effectively. For

example, Ferraro, Messer, Shukla, and Weigel (2021) found that changing the default

bid level in a reverse auction could reduce the cost-share amount farmers requested

from the auctioneer for adopting BMPs. Additionally, producers were more likely

to participate in the program when they were given information about social norms

suggesting that other farmers valued the practices being promoted. Experimental

studies have also investigated the role of messengers (Butler, Fooks, Messer, &

Palm-Forster, 2020), features of incentives such as the timing of payments

1Likewise, most behavioral economics studies have focused on individual decision-making, while deci-

sions in agri-environmental contexts often are made by groups of decisionmakers, including non-operating

landowners and multiple decisionmakers within family farms, corporate farming operations, and

cooperatives.
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(Duquette, Higgins, & Horowitz, 2012), norms and social comparisons (Banerjee,

2018; Wallander, Ferraro, & Higgins, 2017; Wu, Palm-Forster, & Messer, 2021),

and salience, priming, and affect (Czap, Czap, Khachaturyan, Burbach, & Lynne,

2013; Wallander et al., 2017). Laboratory experiments have investigated how recog-

nizing pro-environmental behavior (akin to recognition through agri-environmental

stewardship awards) and shaming of pollution behavior affect use of pollution-

reducing technologies and levels of ambient pollution (Butler et al., 2020; Palm-

Forster, Griesinger, Butler, Fooks, & Messer, forthcoming).

This chapter presents a guide for designing and conducting economic experi-

ments related to agriculture and the environment. We begin by highlighting relevant

insights from behavioral economics, describing how economic experiments have

been integral to testing and informing our understanding of human behavior.We then

describe four key types of experiments that we think of as experiment stages (though

our use of the term “stages” does not imply that all four stages of experimentation

must be completed to generate valuable research contributions). For each experiment

type, we discuss trade-offs required in terms of control, context, and representative-

ness and the key questions raised in terms of internal and external validity. These

considerations assist researchers in identifying the most appropriate type of exper-

iment (or sequence of complementary experiments) for their studies. The chapter

emphasizes five contemporary issues and related best practices that researchers

should consider when conducting experimental economics research: replicability,

underpowered designs, publication bias, participant recruitment, and detection of

heterogeneous treatment effects.2 We also discuss important ethical considerations

to consider when designing and conducting economic experiments and engaging

with rural communities. In addition to providing practical guidance for researchers,

we outline key recommendations for editors, reviewers, and funders to strengthen the

quality of future experimental and behavioral research. We conclude the chapter by

presenting a framework for prioritizing research in the face of serious time and

resource constraints, and we offer advice for junior researchers who are beginning

to build their research programs.

2 Behavioral insights and experimental applications
Behavioral economics is the study of why people make the decisions they do. It both

challenges and extends traditional economic assumptions about rationality by exam-

ining psychological, cognitive, social, and other related factors that influence

decision-making. By recognizing and studying the complexity of people’s beliefs

and deciphering the motivations for their actions, behavioral economists can identify

2Using appropriate methods to analyze and interpret data from experiments is another important topic;

however, offering guidance on analyzing experimental data is beyond the scope of this chapter. For

more information on statistical and econometric methods for analyzing such data, see recent resources

on this topic, including a handbook chapter by Athey and Imbens (2017) and discussion about

non-parametric testing approaches (Feltovich, 2003).
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and explain numerous behaviors seen in practice. At times, those behaviors are con-

sistent with the predictions of neo-classical economic theory, but in many cases they

are not. Self-interest continues to be viewed as a dominant influence on human

behavior, but other factors have been identified that consistently influence behavior,

such as altruism, social norms, risk and time preferences, deliberate democratic pro-

cesses, and biases and mental heuristics related to anchoring of beliefs, conformity,

default behavior, and reference points.

Economic experiments are critical when determining whether insights from

behavioral economics, often derived from theory, map to observed behaviors. In

his review of Dhami’s (2016) textbook, The Foundations of Behavioral Economic
Analysis, Tyran (2017, p. 161) commented that “the general perspective of the book

is that science prospers in a fruitful dialogue between theory and empirics.” This

sentiment perfectly describes the reciprocal value of theoretical and experimental

research. Tyran (2017) went on to emphasize that this viewpoint is common among

experimental economists who use controls and treatments to test theories and

investigate behavioral alternatives, especially when evidence from experiments

contradicts theory. This marriage of behavioral and experimental economics has

provided a solid foundation for explaining inconsistent behavior and rigorously

investigating alternative models of behavior.

Recognizing that existing theory sometimes provides limited policy guidance—

especially in complex settings, Shogren (2004, p. 1218) suggested that “like a wind

tunnel to test airplane design, lab experiments provide a testbed for what is called

economic design—the process of constructing institutions and mechanisms to exam-

ine efficient resource allocation.” As we describe in Section 3, using experiments as

testbeds is particularly useful in settings in which implementation of a policy change

is difficult or costly; testing alternative policies in the laboratory can provide critical

insights and be highly cost-effective.

2.1 Insights from behavioral economics
Behavioral economists have been making important contributions to identifying the

myriad factors that influence choices people make in various contexts. Their contri-

butions are beginning to be applied to the intersections of agriculture, food, and the

environment (Dessart, Barreiro-Hurl�e, & van Bavel, 2019; Palm-Forster, Ferraro,

et al., 2019; Streletskaya et al., 2020). It has become clear that neo-classical models

of profit-maximization cannot adequately explain decisions made by all producers

because such models are overly simplistic representations of complex thought and

behavior patterns.

Another important development is the discovery that factors that influence

human decisions can be used to alter the decision-making environment and influence

behavior in predictable ways. This concept of “nudging” behavior was popularized

by Thaler and Sunstein (2008). Nudges come in many different forms and change

decision-making environments (the choice architecture) in different ways. Dolan

et al. (2012) established an acronym, MINDSPACE, to categorize types of nudges

used to affect behavior in various settings: messengers, incentives, norms, defaults,
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salience, priming, affect, commitment, and ego (see Table 1). For more than a de-

cade, agricultural economists have been studying the application of nudges to influ-

ence agri-environmental decisions, but this literature remains relatively thin,

especially compared to the application of nudges in other contexts.

Economists are keenly interested in the role played by behavioral factors when

agricultural producers make decisions, including management and input choices and

whether to participate in agri-environmental programs. Several research teams have

produced excellent reviews that summarize how behavioral economics has improved

our understanding of farmer behavior and informed the design of agri-environmental

programs and policies. Dessart et al. (2019) review findings from policy-related

behavioral economics studies of voluntary adoption of sustainable farming practices.

The authors develop a framework in which they identify how three types of factors

affect farmer decision-making: dispositional factors (e.g., personality, values,

beliefs, and preferences), social factors (e.g., social norms and signaling motives),

and cognitive factors (e.g., perceptions of benefits, costs, and risks). The review

by Streletskaya et al. (2020) highlights synergies between studies of agricultural

technology adoption and behavioral economics. They identify three thematic areas

that hold promise for cross-fertilization between those fields: behavior in the face of

risk and deviations from expected utility, models of learning and social preferences,

and behavioral time discounting. The authors argue that researchers can generate

more-robust evidence of what does and does not work in a program by incorporating

behavioral factors into their analyses. Palm-Forster, Ferraro, et al.’s (2019) review of

research to test the effectiveness of nudges in influencing landowner behavior uses

Dolan et al.’s (2012) MINDSPACE framework (Table 1) and examines how each

nudge category can be applied to agri-environmental decisions. They also highlight

gaps in the literature, outline methodological challenges, and make recommenda-

tions to promote more-robust research in this area.

Table 1 The MINDSPACE framework for behavioral change.

Cue Behavior

Messenger We are heavily influenced by who communicates information to us

Incentives Our responses to incentives are shaped by predictable mental shortcuts
such as strongly avoiding losses

Norms We are strongly influenced by what others do

Defaults We “go with the flow” of pre-set options

Salience Our attention is drawn to what is novel and seems relevant to us

Priming Our acts are often influenced by subconscious cues

Affect Our emotional associations can powerfully shape our actions

Commitment We seek to be consistent with our public promises and reciprocate acts

Ego We act in ways that make us feel better about ourselves

Reprinted from Dolan, P., Hallsworth, M., Halpern, D., King, D., Metcalfe, R., & Vlaev, I. (2012).
Influencing behaviour: The mindspace way. Journal of Economic Psychology, 33(1), 266, Copyright
(2012), with permission from Elsevier.

4338 CHAPTER 80 Experimental and behavioral economics



Decision-making under risk has been identified as a factor that has clear impli-

cations for adoption of agricultural practices (Dessart et al., 2019; Streletskaya et al.,

2020). Agricultural decisions often involve considerable risk and uncertainty.

Producers must routinely choose, for example, what crops to produce and in what

quantities (acreage) based on limited information about likely weather patterns

and market outcomes in the upcoming season. Farmers are generally considered

to be risk-averse, and that aversion can limit their willingness to adopt new, environ-

mentally beneficial practices that deviate from conventional ones. Studies have

shown that farmers, like most people, often strongly weigh small probabilities of loss

(Bocqu�eho, Jacquet, & Reynaud, 2014). Consequently, agri-environmental pro-

grams designed to reduce risk andminimize income volatility are likely to be popular

with producers, motivating them to try new practices and approaches. Additionally,

programs can be designed to promote incremental changes that allow for trial and

error to get a farmer’s “foot in the door” and acknowledge that small changes can

lead to larger ones (Dessart et al., 2019). Programs can initially request behavioral

changes from farmers who are relatively receptive to trying new practices, and out-

reach can be focused during times when farmers are more open to change and have

greater bandwidth for considering new practices (e.g., after the growing season when

farmers are planning for the following year).

Behavioral economic research has shown that people who already have

pro-environmental values and are committed to pro-environmental behavior are

more likely to engage in additional pro-environmental actions (Gosnell, 2018;

Whitmarsh & O’Neill, 2010)—the additional actions align with the ethic with which

they identify. Actions motivated by factors such as values and preferences can be

influenced by nudges that relate to ego, commitment, and affect (as defined by

Dolan et al., 2012). Humans seek to make decisions that are consistent with the

way they view themselves in an effort to reinforce their self-identifies and egos.

As a result, encouraging small changes in behavior that affect how people view

themselves can lead them to make more-significant changes in the future. Ego

nudges also can be linked to commitment nudges by encouraging people to make

promises that align with their self-images and to follow through on those promises

using a combination of intrinsic and extrinsic pressure. Requests for private commit-

ments are effective with people who want to behave in a way that is consistent with

their initial intentions and plans (Baca-Motes, Brown, Gneezy, Keenan, & Nelson,

2013). Public commitments observable to others, such as roadside signs that indicate

enrollment in an agri-environmental program, can motivate people to act because

they want to keep their promises and act pro-socially (intrinsic motivation) and,

potentially, to be recognized by others for their positive actions (extrinsic motiva-

tions). Dolan et al.’s (2012) review describes links between reciprocity and com-

mitment that arise because people are more likely to commit to something when

others are also willing to do so.

Emotional (affect) nudges can also promote pro-environmental behavior.

Experimental economics studies in the agri-environmental domain have shown that

empathy nudges can positively influence conservation behavior and promote
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pro-environmental decisions (Czap, Czap, Banerjee, & Burbach, 2019; Czap, Czap,

Lynne, & Burbach, 2015; Lynne, Czap, Czap, & Burbach, 2016). These finding have

implications for outreach campaigns designed to promote voluntary adoption of agri-

environmental BMPs. For example, farmers and agricultural landowners are often

emotionally connected to their land and care deeply about passing it down to the next

generation—they may be more willing to invest in sustainable agricultural practices

when programs emphasize how their investments will benefit their children and

grandchildren.

Agri-environmental behavior is also influenced by social factors such as behav-

ioral norms and signaling motives (Dessart et al., 2019). These factors relate to how

people are influenced by the actions of others and by how others perceive their

actions. Others’ choices and behaviors can serve as cues that guide behavior and

as a benchmark by which behavior is measured. The Dolan et al. (2012) review high-

lights the importance of social norms as positive feedback loops that promote greater

adherence as more people follow them. Norms can provide information about the

actions of others (i.e., descriptive norms) and communicate behavior deemed

socially acceptable (i.e., injunctive norms) (Cialdini, Reno, & Kallgren, 1990).

Pairing descriptive and injunctive norms can have particularly powerful effects

on behavior (Cialdini, 2003). Furthermore, heterogeneity in behavior can lead

to perverse incentives when people learn that others’ behaviors are worse than

theirs, known as the “boomerang effect,” and research has shown that the boomer-

ang effect can be overcome by injunctive messaging that communicates social ap-

proval or disapproval (Schultz, Nolan, Cialdini, Goldstein, & Griskevicius,

2007).3 Le Coent, Pr�eget, and Thoyer (2021) found that interactions between de-

scriptive and injunctive norms can lead to multiple equilibria—such as low-

participation vs high-participation states—and that the design of programs and

policies can influence the equilibrium outcome.

The choice of strategies by which to incorporate social factors in agri-

environmental programs depends on the current level of the target effort or action

in a community (Dessart et al., 2019) and the flexibility of the program to adjust

payment levels and other components. When existing participation levels are high,

telling farmers about other farmers who are adopting BMPs and participating in agri-

environmental programs can communicate a positive social norm (Kuhfuss et al.,

2016; Wu et al., 2021). However, the social-norm strategy can back-fire when the

existing level of effort or participation is low, indicating that few others are contrib-

uting to the public good (Le Coent et al., 2021). Le Coent et al. (2021) suggest that,

for agri-environmental programs with low rates of participation, payment rules and

communication strategies can be designed to change beliefs about the behavior of

others. For example, PES programs can require a minimum level of participation

from agricultural producers, thus altering their beliefs about the actions of others

3Evidence of the “boomerang effect” in experiments addressing agri-environmental questions have

been mixed with some finding boomerang effects (Fleming, Palm-Forster, & Kelley, 2021) and others

not (Wu et al., 2021).
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and motivating higher levels of participation (Le Coent, Thoyer, & Pr�eget, 2014).
Alternatively, initial PES payments can be greater than subsequent payments to

encourage engagement early on. Strong participation changes the descriptive social

norm, which, when combined with an injunctive norm, can retain participants even

when payment levels decrease later in the life of the program (Le Coent et al., 2021).

Communication campaigns can be used to mitigate misperceptions of social norms

when the perceived norm inaccurately portrays the true level of stewardship. In those

cases, enlisting influential messengers (e.g., respected farmers in the community) to

communicate an injunctive norm about desired actions can be particularly effective.

People are most likely to act when they receive positive information from individuals

they view as similar to themselves in some way and from individuals they like and

trust (Wu et al., 2021). Social networks influence behavior in complex ways that are

often difficult to analyze (Maertens & Barrett, 2013). Disentangling these interac-

tions, which are likely tied to social and physical geographies, is an important topic

for future research.

Another way to tap into social networks and norms is via programs that allow

farmers to send credible signals about their stewardship actions, such as certification

and verification programs (Dessart et al., 2019; Palm-Forster, Griesinger, Butler,

Fooks, & Messer, forthcoming). The programs can offer a variety of benefits to par-

ticipating farmers, including allowing some to differentiate their products and

thereby access niche markets and/or garner price premiums. The economic benefits

of verification programs can be limited for many farmers, especially those producing

commodity crops (Waldman & Kerr, 2014). However, the social and community as-

pects of such programs can encourage pro-environmental behavior. Programs that

recognize agri-environmental stewardship can, for example, influence dispositional

and social factors since these programs involve commitment to an action and pub-

licly recognize actions that tap into elements of ego and the power of social norms.

Consequently, signaling programs enable social comparisons and thus can contribute

to long-run changes in social norms.

Agri-environmental programs and policies can also benefit from designs that

consider the influence of cognitive factors that influence farmers, including how

farmers learn, discount time and money, and perceive costs, benefits, and risks

(Dessart et al., 2019; Streletskaya et al., 2020). For example, programs must be

salient to farmers. Dolan et al.’s (2012) review notes that stimuli that most effectively

attract attention are often novel, accessible, and simple. The authors emphasize that

simplicity is key because people tend to pay attention to things they can readily

understand and relate. Salience also involves raising farmers’ awareness of desirable

practices and programs, which can be accomplished through information campaigns

conducted by extension and advisory/consultancy services (Dessart et al., 2019) and

by sending letters reminding them to enroll (Higgins et al., 2017). Studies have

emphasized the importance of reducing perceived costs and risks associated with

participation by, for example, limiting transaction costs (McCann & Claassen,

2016; Palm-Forster et al., 2016).

Though economists have long recognized that incentives influence behavior in

meaningful ways, behavioral economists have identified detailed information about
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how various features and presentations (referred to as framing) affect responses.

Dolan et al. (2012) summarizes how incentive attributes change behavior based

on insights from the behavioral economics literature: (1) reference points determine

what people view as losses and as gains; (2) we dislike losses more than we like

equivalent gains (i.e., we are loss-averse); (3) we overweight small probabilities, es-

pecially for risks and events that are hazardous and easy to imagine; (4) we engage in

mental accounting in which money is allocated to discrete accounts; and (5) we ex-

hibit present bias by making choices that reflect living for today at the expense of

planning for tomorrow.

Program administrators can make programs more attractive to farmers and rural

landowners by reducing the perceived risk of participating, establishing regular pay-

ment schedules farmers can count on and making some payments upfront (Duquette

et al., 2012), offering insurance options, and promoting cost-free trial periods

(Pannell et al., 2006). Outreach efforts should focus on actions that lead to clear, tan-

gible environmental benefits and emphasize a program’s benefits rather than its cost

(Dessart et al., 2019). Changing the default enrollment option is another important

tool that can increase producers’ investments in agri-environmental programs and

mitigate a lack of attention to the options presented to them.

Farmer heterogeneity must also be kept in mind when designing programs to

change their behavior. For example, some farmers manage their land primarily

for agricultural profit while others manage it for non-pecuniary factors such as

preserving the family legacy and managing land resources to support recreation such

as hunting and fishing. Thus, there are likely to be no one-size-fits-all policy ap-

proaches. Instead, in the context of agri-environmental programs, administrators

generally need to use a mix of strategies, including both voluntary programs (carrots)

and mandatory requirements (sticks), to achieve their desired outcomes (Dessart

et al., 2019; Ferraro, Messer, & Wu, 2017; Ribaudo, 2015).

2.2 Using economic experiments for evidence-based policymaking
Over the past two decades, economic experiments have been used in a variety of

evidence-based policymaking initiatives outside of agriculture. For example, the

U.S. federal government has used economic experiments to inform policymaking

in contexts such as design of auctions used by the Federal Communications Com-

mission (Banks, Olson, Porter, Rassenti, & Smith, 2003) and use of package labeling

to indicate whether food products contain bioengineered (genetically modified)

ingredients (Just & Kaiser, 2016). Outside the United States, economic experiments

have informed policymaking related to sales of telecom licenses in Europe (Abbink

et al., 2005; Binmore & Klemperer, 2002; Klemperer, 2002) and revisions of

European Union (EU) guidelines on non-horizontal mergers (Normann & Ricciuti,

2009). In Ireland, several government commissions have jointly supported the Pro-

gramme of Research Investigating Consumer Evaluations (PRICE) Lab, which uses

experiments to inform government policies. For example, PRICE studies have ana-

lyzed consumers’ decisions regarding personal loans, and the resulting information

has informed actions by the Central Bank of Ireland (Lunn et al., 2016).
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In 2014, to promote use of behavioral and experimental economics when design-

ing agri-environmental programs, USDA established the Center for Behavioral and

Experimental Agri-Environmental Research (CBEAR). CBEAR is co-headquartered

at the University of Delaware and Johns Hopkins University. In a similar effort,

researchers in the EU established the Research Network on Economic Experi-

ments for the Common Agricultural Policy (REECAP) in 2017. Discussions

are ongoing to establish similar programs in Canada, Australia, and other devel-

oped countries.

The Evidence Act in the United States suggests that evidence can come from a

variety of sources, but economic experiments involving non-hypothetical decisions

are particularly useful in informing agri-environmental programs and policies for

three reasons. First, such experiments can allow researchers to identify causal

responses to policy changes that otherwise cannot be isolated from administrative

or observational data (Rosch, Skorbiansky, Weigel, Messer, & Hellerstein, 2021).

For example, policymakers may want to know how different contract lengths affect

enrollment in voluntary cost-share programs and whether these different contract

lengths impact long-term persistence of practices when the cost-share ends. Exper-

iments can be used to identify the causal effect of changing the length of a contract by

randomly assigning participants to control and treatment groups with different

contract lengths and then measuring outcomes of interest.

One of the goals of this chapter is to identify different progressive stages of

economic experiments and illustrate how each stage best informs evidence-based

policymaking. For example, laboratory and artefactual experiments are valuable

for doing initial tests of potential changes in a program. They can be a wonderful

way to test changes suggested by theory and observational research. Promising

results in the laboratory can be further refined for robustness via field experiments

that recruit the target population (e.g., farmers and rural landowners). Field settings

allow researchers to randomize how various programs, institutions, and information

are presented to individuals, including new interfaces, and test whether the changes

affect key outcomes, like participation. If the changes perform well in the field with

targeted participants, they are likely to be well suited for implementation. Ideally, the

treatments are embedded in government and non-governmental programs using prin-

ciples of experiment design such as randomization so additional information can be

gathered to see howmuch the change improves outcomes compared to the status quo

control treatment.

The second key area in which economic experiments have shown to be par-

ticularly useful is to observe behaviors that would not be observable using classic

data collection methods and administrative records (Rosch et al., 2021). Further-

more, policymakers and program administrators are often interested in how unobser-

vable factors (e.g., environmental attitudes, risk perceptions) influence decision

making. Lab and field experiments can be designed to investigate behaviors and

behavioral drivers that are typically unobservable. We emphasize the importance

of thinking carefully about how experiments are designed and parameterized to

reflect the policy settings in which these unobservable factors are hypothesized to

be important.
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Appropriate selection of experiment parameters depends on the purpose of the

experiment and what it is designed to test. For example, if the experiment is designed

to test economic theory, parameters are selected that support underlying theoretical

assumptions. When the experiment is intended to reflect actual conditions, such as

pollution of water from nonpoint sources, the parameterization process should mimic

those conditions to ensure that participant behavior in the control treatment leads to

the typical observed collective outcome. This design element, described in greater

detail in Section 3, affects how well the study represents or parallels the relevant

policy context. Once a laboratory experiment has been parameterized to mimic field

experiments successfully (e.g., it captures the general scale and functional form of

producer profits, social benefits, and environmental impacts), treatments can be

introduced to test the extent (if any) to which they influence participant behavior

and collective outcomes.

Different types of field experiments also can be used to observe specific behav-

ioral mechanisms related to specific program contexts. For example, in a conserva-

tion auction setting, experiments can examine how bidding behavior changes when a

program is modified (e.g., changing the number of competing bidders or the auction

structure). An advantage of field experiments is that they tend to be appealing to

policymakers because of the additional context provided in the decision environment

and potential to recruit the target population as participants. However, from a

research perspective, much of the participants’ underlying value structures are likely

to remain hidden.

The third area in which economic experiments are particularly useful in agri-

environmental settings relates to the ability to derive insights into landowner deci-

sions to participate in or opt out of voluntary programs. Researchers in this area are

increasingly merging administrative records with survey data to recover information

about the motives and drivers of the decisions. Agri-environmental programs often

produce a wealth of data that are not structured to facilitate analysis of causality

(Rosch et al., 2021). It can be difficult, for example, to find comparable control

and treatment subsets in a program. And when opportunities exist to construct

control and treatment cohorts as a new program is rolled-out or marketed to potential

participants, program administrators generally have been reluctant to do so because

of concerns about potential burdens associated with required data collection,

program administration, and coordination with other entities and about equity

(e.g., who is assigned the potentially better treatment vs the control group).

Reluctance to carefully test new agri-environmental programs and record key

outcomes has a potentially significant cost to society and the environment; without

strong supporting evidence, an agri-environmental program offered to farmers and

landowners is essentially a large and costly “uncontrolled” experiment involving

billions of dollars in which the funders (taxpayers) cannot determine whether their

investments are cost-effective. This reluctance has seriously hampered efforts to as-

sess the actual degree of benefits provided by programs as implemented and potential

gains associated with modifying them (Ferraro et al., 2017). Experiments can dem-

onstrate the potential benefits of modifying incentives and structuring administrative

records to support high-powered analyses needed for evidence-based policy design.
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2.3 Experimental tests of economic mechanisms to improve
agri-environmental outcomes
In this section, we summarize key findings from the experimental economics liter-

ature regarding designing mechanisms for agri-environmental programs. We pay

particular attention to two key areas of research: (1) the design of voluntary PES

programs and the use of reverse auctions to allocate scarce PES funds; and (2)

the design of policy mechanisms to control ambient water pollution and improve

groundwater management. We do not attempt to provide an exhaustive review of

experimental economics research in these areas; rather, we highlight how different

types (and progressive stages) of economic experiments have been used to investi-

gate the performance of various economic mechanisms designed to improve agri-

environmental outcomes.

2.3.1 Reverse auctions and payments for ecosystem services programs
Design of PES programs has been a primary focus of experimental economics

research in the agri-environmental domain. Much of this work has examined ap-

proaches for increasing cost-effectiveness of voluntary programs, including the

use of reverse auctions as tools for allocating scarce resources. Reverse auctions

can provide guidance when allocating limited conservation funds provided by buyers

(e.g., the government) to sellers of ecosystem services (e.g., farmers). In such auc-

tions, sellers submit offers that declare the minimum payment required for them to

take a specific action that would generate ecosystem services (e.g., adoption of one or

more BMPs). The process for evaluating, ranking, and selecting offers depends on

the program’s priorities and limitations. In general, however, a reverse auction mech-

anism can allocate limited funds cost-effectively by awarding payments to low-cost

high-value offers. This benefit is particularly relevant since one of the world’s largest

land conservation programs—USDA’s Conservation Reserve Program—uses a type

of reverse auction to allocate a majority of its funds.

A myriad of design, implementation, and contracting considerations can affect

the performance of agri-environmental auctions, making the laboratory an excellent

testbed. Schilizzi (2017) provides a comprehensive overview of research on con-

servation auctions using laboratory experiments. Studies have evaluated various

pricing mechanisms by comparing uniform and discriminatory pricing in one-shot

and repeated auctions. The results generally suggest that one-shot, discriminatory,

first-price auctions achieve the greatest budgetary cost-effectiveness (Cason &

Gangadharan, 2005; Iftekhar & Latacz-Lohmann, 2017; Schilizzi & Latacz-

Lohmann, 2007). However, only uniform-price auctions are incentive-compatible

and thus are capable of revealing information about private costs (Schilizzi,

2017). Consequently, researchers need to consider how important private cost

information is. Results by Liu (2021) suggest that, in multiple award settings, gen-

eralized second-price reverse auctions can have advantages over first (discrimina-

tory)-price and uniform-price auctions because they simultaneously offer strong

performance in cost-revelation and cost-effectiveness.
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Laboratory experiments used to analyze auctions have identified a number of

other factors that reduce budgetary cost-effectiveness, including adverse selection

(Arnold et al., 2013), noncompliance (Kawasaki, Fujie, Koito, Inoue, & Sasaki,

2012), transaction costs (Li, Palm-Forster, & Bhuiyanmishu, in review), rent-seeking

linked to bid-cap discovery (Hellerstein & Higgins, 2010), low levels of competition

(Boxall, Perger, Packman, & Weber, 2017; Conte & Griffin, 2019), large private

benefits (Conte & Griffin, 2019), and provision of information about the quality

of offers (Banerjee & Conte, 2018; Cason & Gangadharan, 2004; Cason,

Gangadharan, & Duke, 2003; Conte & Griffin, 2017; Messer, Duke, & Lynch,

2014) and past market outcomes (Messer, Duke, Lynch, & Li, 2017). Laboratory ex-

periments have also been used to investigate the role of learning (Schilizzi & Latacz-

Lohmann, 2007), performance of single-round vs multiple-round formats (Boxall,

Perger, & Weber, 2013; Reeson et al., 2011; Rolfe, Windle, & McCosker, 2009),

impacts of various selection criteria (Iftekhar & Latacz-Lohmann, 2017; Iftekhar,

Tisdell, & Sprod, 2018), timing of entry in repeated auctions (Fooks, Messer, &

Duke, 2015), performance of target-constrained vs budget-constrained auctions

(Boxall et al., 2017), spatial coordination (Banerjee, Kwasnica, & Shortle, 2012;

Fooks et al., 2016; Krawczyk, Bartczak, Hanley, & Stenger, 2016), and group bid-

ding (Banerjee & Cason, 2020).

Research on using reverse auctions for PES programs highlights the value of pair-

ing laboratory and field experiments. Results from laboratory experiments have

revealed conditions under which particular auction formats perform better. For

example, these studies have found that performance of reverse auctions and the rel-

ative budgetary cost-effectiveness of various auction designs depends on factors

such as cost function heterogeneity and risk preferences (Boxall et al., 2013;

Wichmann, Boxall, Wilson, & Pergery, 2017), and these factors are often unknown

to program administrators. Framed field experiments can supplement knowledge

gained from laboratory settings by testing how participant characteristics and

preferences affect bidding behavior and auction performance. For example, Palm-

Forster, Swinton, and Shupp (2017) examined farmer preferences for different types

of incentives for BMP adoption. Farmers were wary of novel incentives, like BMP

insurance, due to high transaction costs, and they demonstrated these preferences by

requesting higher BMP payments thus reducing auction cost-effectiveness. Knowl-

edge from framed field experiments complements findings from laboratory experi-

ments and can be used to further refine recommendations for designing reverse

auctions that will be successful in agri-environmental programs.

In addition to using laboratory experiments, researchers have tested alternative re-

verse auction designs in field experiments (see Rolfe et al., 2018 for a review). Their

studies have compared behaviors observed in the field to results obtained from labo-

ratory experiments and, in addition, revealed on-the-ground challenges not anticipated

when conducting controlled laboratory experiments. An important distinction be-

tween laboratory and field experiments relates to expectations about participation.

In lab settings, student participants arrive at sessions generally ready to participate

and their actions and decisions typically are driven by salient costs and benefits. This

is important in the context of reverse auctions. When auction entry is essentially
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costless, we expect that all subjects will choose to participate. In the field, on the other

hand, participation in agri-environmental reverse auctions can be costly in terms of

time, and low participation rates are common (Rolfe et al., 2018). Participant trans-

action costs and uncertainty about bid acceptance have been identified as significant

barriers that limit participation and reduce cost-effectiveness of auctions in practice

(Comerford, 2013; Palm-Forster et al., 2016; Whitten, W€unscher, & Shogren, 2017).

Strides made in advancing the design of reverse auctions and addressing chal-

lenges associated with conducting them in the field highlight the value of pairing

laboratory and field experiments. Such pairing allows researchers to push the frontier

of mechanism design while remaining grounded regarding challenges that arise

when moving out of controlled settings. Research has also offered examples of

how economic experiments can be used to inform policy and program design

directly. Cummings, Holt, and Laury (2004) described a case in which policymakers

used an experimental auction as a tool to guide development of the implemented

auction for irrigation permits. Hellerstein (2017) highlighted key findings from auc-

tion experiments that could be used to improve the cost-effectiveness of USDA’s

Conservation Reserve Program.

Other studies have used laboratory and field experiments to investigate how PES

mechanisms can be designed to improve spatial coordination of participants. These

works have tested use of agglomeration bonuses (Liu et al., 2019; Parkhurst &

Shogren, 2007; Parkhurst et al., 2002), agglomeration preferences in buyers’ value

functions (Fooks et al., 2016), non-pecuniary nudges (Banerjee, 2018), and voluntary

conservation agreements with assurances (VCAAs) (Reeling, Palm-Forster, &

Melstrom, 2019). Other studies have analyzed the impacts of network effects

(Banerjee et al., 2012), transaction costs and communication (Banerjee et al.,

2017), and heterogeneous land profitability (Jones Ritten et al., 2017) on achieving

spatial coordination.

Laboratory experiments have also been used to investigate factors contributing to

thin credit markets and low rates of participation in PES programs, including the role of

risk and uncertainty (Jones & Vossler, 2014). In a study of habitat exchanges, Lamb,

Hansen, Bastian, Nagler, and Jones Ritten (2019) investigated the role of three types of

risk: not identifying a buyer or seller (matching risk), not being able to sell generated

credits (inventory loss risk), and credit failure (post-production risk). Their findings

emphasized the importance of risk mitigation strategies in habitat exchange markets,

such as reimbursing sellers for credits that, despite good faith efforts, fail to generate

sufficient habitat protection. Reducing risks for sellers increases market participation

and improves welfare and market efficiency, which also benefit credit buyers.

2.3.2 Regulatory and market mechanisms to improve water quality
Economic experiments have served as valuable testbeds for policies not currently

used in practice, such as the use of ambient pollution taxes and subsidies for nonpoint

source pollution originally proposed by Segerson (1988). Most of these experiments

have been limited to the laboratory, and we know of at least one framed field

experiment study that involved dairy farmers (Suter & Vossler, 2014). Laboratory

experiments have been used to test the performance of various ambient policy

43472 Behavioral insights and experimental applications



structures, including linear and non-linear ambient taxes (Suter, Vossler, Poe, &

Segerson, 2008) and dynamic (Vossler, Suter, & Poe, 2013), input (Cochard,

Willinger, & Xepapadeas, 2005), and average Pigouvian taxes (Sarr, Bchir,

Cochard, & Rozan, 2019), as well as taxes linked to conservation compliance

(Palm-Forster, Suter, & Messer, 2019). Studies have also investigated how the

performance of ambient policies is affected by factors such as firm heterogeneity

(Spraggon, 2004, 2013; Wu et al., 2021), communication (Vossler, Poe, Schulze, &

Segerson, 2006), information about and monitoring of water quality with sensors

(Miao et al., 2016), non-pecuniary nudges (Boun My & Ouvrard, 2019), informal

peer sanctions (Cason & Gangadharan, 2013), social pressure (Palm-Forster,

Griesinger, Butler, Fooks, & Messer, forthcoming), and the structure of damages

(Willinger, Ammar, & Ennasri, 2014).

Furthermore, studies have used economic experiments to analyze water-quality

trading markets and offset programs designed to reduce ambient pollution (Jones &

Vossler, 2014; Liu & Swallow, 2016; Suter, Spraggon, & Poe, 2013), protect wildlife

habitats (Lamb et al., 2019), and improve water availability (Bayer & Loch, 2017;

Tisdell, 2010). Some water-quality trading and offset programs have been estab-

lished (see Stephenson and Shabman (2017), table 3), but their success in improving

water quality has been limited, due largely to limited participation. The laboratory

can be a fruitful place to investigate challenges observed in those programs to

determine which elements of the market design are contributing to the lack of suc-

cess. For example, experiments have shown that emission dischargers (municipal

stormwater and wastewater systems) tend to overinvest in upfront capital-intensive

abatement technologies, which limits demand for credits (Suter et al., 2013). Studies

also have highlighted how uncertainty about credit demand reduces firms’ willing-

ness to adopt technologies that could generate water quality credits (Jones &Vossler,

2014). This work highlights the market impediments generated by institutional rules

that require binding pre-commitments when high fixed costs are associated with

abatement technologies. In addition to identifying strategies to reduce barriers to

participation and increase trading activity, experimental research has investigated

the role credit valuation plays in water-quality trading markets. Liu and Swallow

(2016) demonstrated how accounting for public values for co-benefits in water

quality credit transactions can improve market efficiency by creating additional

incentives for credit suppliers.

2.3.3 Policies and institutions for sustainable water withdrawals
Examining decisions on groundwater withdrawals has been a fruitful area of study

using economic experiments to explore behavior, policies, and water use efficiency.

This area of research is especially well suited for experiments because of the diffi-

culty of observing actual groundwater extractions and their impacts on aquifers and

other users of the water resources. In most places in the world, few groundwater wells

have meters that can accurately measure the amount of water withdrawn from under-

ground aquifers. And when suchmeters are present, the resulting information is often

unavailable to the public and to resource managers. Groundwater users typically are
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reluctant to voluntarily reveal information about their withdrawals because there is a

strategic incentive not to reveal their true levels of pumping. They tend to be

concerned about potential regulations and/or liability for affecting the availability

of groundwater to others who want to use the same aquifer. Researchers can observe

behaviors that are likely to occur by developing experimental frameworks that

parallel many of the key economic, psychological, and social aspects of groundwater

pumping. To date, most experiments in this area have induced valuations in labora-

tory experiments involving student subjects.4

Broadly speaking, economic experiments investigating aquifer use are related to

experiments that have studied behavior in common pool resources, especially ones

involving spatial variability (e.g., Janssen, Anderies, & Cardenas, 2011; Janssen &

Ostrom, 2008). This line of research often parameterizes the experiments such that

private benefits to potential users increase upon entrance into the market. The exper-

iments frequently incorporate a negative externality so that entrance and subsequent

use negatively affect the private benefits of other resource users. Using these setups,

a variety of policies and institutions can be exogenously or endogenously imposed,

and studies can measure the impacts of the interventions (see, for instance, Casari &

Plott, 2003; Gardner, Moore, & Walker, 1997; Mason & Phillips, 1997; Rodriguez-

Sickert, Guzmán, & Cárdenas, 2008).

In aquifer use, groundwater extraction by one user increases the private costs of

other users of the resource. This increase is often assumed to be associated with

pumping water from a great distance, which requires additional energy. Much of

the experimental research conducted in this area has sought to understand the

coupled relationship between human behavior and a model of water flow through

an aquifer. The research arose, in part, because some studies, such as Gisser and

Sanchez (1980), suggested that there would be few social inefficiencies even if

the aquifers were not managed. The estimates often involved simplistic “bathtub”

models of aquifers that did not capture true spatial and temporal movements of

groundwater. When more-realistic models were included in calculations in non-

experimental studies, it was easier to identify when social inefficiencies arose

(i.e., Brozovi�c, Sunding, & Zilberman, 2010; Guilfoos, Pape, Khanna, &

Salvage, 2013).

This body of experimental research has uncovered several key findings. First, the

behavior of groundwater users varies depending on the spatial and temporal param-

eterization of the aquifer (Suter, Duke, Messer, & Michael, 2012). More-complex

modeling of spatial characteristics affects the behavior observed in groundwater

4We are aware of several large-scale field experiments involving groundwater extraction. To date,

those studies have looked at how best to encourage users to voluntarily report their monthly water

use (Meiselman et al., in development), how accurate voluntary reporting is compared to

government-required annual reports (Savchenko et al. in development), and the impacts of knowing

how much water is being extracted by neighboring landowners (Suter et al. in development). To date,

no results have been published.
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users, and, ultimately, the additional complexity influences the degree to which

unregulated groundwater extraction has a negative impact on efficiency.

Several studies have investigated how the number of groundwater users affects

the efficiency of aquifer use. For instance, Gardner et al. (1997), using experiments,

found that social efficiency increased when the number of users was limited. They

also showed that social efficiency could increase with use of individual quotas.

Another key finding from experimental economic studies of groundwater is that

having greater information about the condition of the aquifer can change the behav-

ior of aquifer users (Li, Michael, Duke, Messer, & Suter, 2014; Saak & Peterson,

2007). Though some earlier research (e.g., Tisdell, Ward, & Capon, 2004) found that

the impact of that type of information was relatively small, others, such as Li et al.

(2014) found that both the existence of the information and how it is displayed affect

behavior. They further showed that groundwater users were more responsive to

easy-to-understand depictions of the severity of the risk of overpumping relative

to greater quantities of information and more-complex scientific descriptions of

this risk.

Other experiment-based research in this area has examined the importance of

entry and regulations using internal and external models to determine whether the

effects on the social efficiency of groundwater management vary (Suter et al.,

n.d.; Liu, Suter, Messer, Duke, & Michael, 2014). Since many groundwater policies

involve imposition of taxes on water users, studies also have tested the efficiency and

behavioral impacts of different means of redistributing the tax revenue (Duke, Liu,

Suter, Messer, & Michael, 2020).

3 Designing experiments to inform agri-environmental
programs and policies
Researchers have written extensively about the proper design of economic experi-

ments in the laboratory and field (Davis & Holt, 1993; Friedman & Sunder, 1994;

Lusk & Shogren, 2007), including two handbooks filled with perspectives and

recommended best practices from leading experimental economists (see

Banerjee & Duflo, 2017; Kagel & Roth, 2016). Summarizing this rich body of

knowledge exceeds the scope of this chapter so we recommend consulting those re-

sources when undertaking experimental research. With the limited space available

here, we concentrate on several issues that are particularly important when designing

experiments to inform agri-environmental policies and programs. We address con-

cerns related to internal and external validity and interactions of experimental con-

trol, context, and representativeness.

We present what we think of as four stages of experimentation for research

designed to inform agri-environmental programs and policies. The stages consist

of (i) laboratory experiments with students, (ii) artefactual and framed field exper-

iments with the target population (often farmers and rural landowners), (iii) field

experiments that can result in real changes in agri-environmental management,
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and (iv) randomized controlled trials (RCTs). We certainly acknowledge the

stand-alone value of research findings that can be generated by a single type of

experiment (e.g., findings from a laboratory experiment), and we are not suggesting

that a researcher or research teammust always use all experiment types progressively

to be informative on a particular issue. That said, we believe that there is a logical

progression of research designs and want to highlight important benefits of building

upon findings from laboratory experiments with students by conducting context-

specific field experiments and RCTs with farmers. We also briefly address consid-

erations when conducting experiments with partner organizations and when

designing experiments to analyze long-term behavioral changes, though we note

that more work is needed to develop best practices for analyzing long-term agri-

environmental behavior. In Section 4, we discuss five contemporary issues

associated with designing and implementing experimental studies.

3.1 Internal and external validity
Rigorously testing new agri-environmental interventions is critical to ensuring

internal and external validity before recommending an intervention for use. Inter-
nal validity refers to the ability to isolate a treatment effect by controlling for

potential confounding factors (covariates) that could influence the outcome of

interest. That is, internal validity refers to the ability to argue that observed corre-

lations between treatments and outcomes are causal (Roe & Just, 2009). In many

research endeavors, the goal is to determine the precise effect of a treatment on an

outcome, but many other factors can influence the outcome. Hence the saying

among students of economics and other social science fields: “correlation does

not imply causation.” Economists frequently have a limited ability to identify cau-

sality because of the nature of the data used, which are often observational and pre-

sent various challenges. Much of researchers’ empirical training is focused on

analyzing observational data and using sophisticated econometric approaches to

identify causal effects when warranted.

Through the random assignment of participants to control and treatment groups,

experiments have been touted as one of the most reliable tools economists have to

uncover credible evidence of causal effects of a treatment (Banerjee & Duflo, 2017).

In experiments, researchers can control treatment assignments. In observational

settings, assignment of treatments is beyond the control of the researcher and often

depends on confounding factors. An example in an agri-environmental context is

farmers who voluntarily enroll in a new agri-environmental program—in part be-

cause of the program attributes and in part because of the farmers’ underlying stew-

ardship ethics, characteristics of their farm operations, and unobservable social

pressures from neighboring farmers. The program attributes are observable, but

the other factors influencing their decisions usually are not, making it impossible

to attribute their participation to the program features. A carefully designed exper-

iment, on the other hand, can randomly assign farmers to a treatment group present-

ing the new agri-environmental program or to a control group, which can only enroll
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in the current program. Random assignment eliminates concerns about confounding

factors and permits researchers to determine causal effects on the outcome of interest

(e.g., participation).

External validity refers to the ability to extend causal relationships identified in a
study to settings, contexts, and individuals with different characteristics. That is,

external validity relates to the generalizability of the findings of a study (Roe &

Just, 2009). The role and importance of external validity is more nuanced—and,

consequently, more subject to debate—than internal validity, which is widely

acknowledged as a fundamentally important issue for economic experiments. Con-

versations about the importance (or lack of importance) of external validity often

occur when applying lessons from a laboratory experiment to the field (Camerer,

2011). In field experiments and RCTs, researchers and policymakers are frequently

concerned about the external validity between field settings. It is not always known

whether outcomes observed in one field setting will be replicated in field settings

involving different populations and/or other points in time (Athey & Imbens,

2017). Furthermore, it is typically uncertain how well the results and lessons from

field experiments will “scale up.”

Do concerns about external validity make experiments less valuable? Our short

answer is “No.” The longer answer is found in a statement loved and loathed (and

frequently used) by economists: “It depends…” It depends on the broader research

goal and how the experiment will support that goal. Is the goal to learn something

general about behavior by people in decision-making frameworks or is it to say

something about behavior in a specific decision-making context? Camerer (2011)

presented this dichotomy by juxtaposing what he called the “scientific view”

and the “policy view” and posited reasons for concerns about lab-to-field general-

izability often being exaggerated. From a scientific view, external validity is not a

pre-condition of a well-designed experiment to show how behavior is generally

influenced by one or more factors. Many people believe experiments must have

external validity to be policy-relevant, but we view that argument as only partially

valid. On one hand, if the goal of the research is to characterize behavior that will

likely be observed in the field, it can be important for the experiment to reflect con-

ditions in the field (see the following discussion of parallelism) and for the results

to be generalizable. On the other hand, knowledge about general behavioral

responses to changes in decision-making environments can be policy-relevant even

when the observations are made in lab settings. We argue that the research goal is

what should ultimately dictate how much weight should be placed on external

validity.

Concerns about internal and external validity are not unique to experimental

economics, and additional considerations are required when designing and imple-

menting an experiment and analyzing experiment-derived data. Throughout this sec-

tion, we highlight how the choice of experiment type and design relates to internal

and external validity. In Section 4 (Issues 4 and 5), we discuss how efforts to improve

participant recruitment and identify heterogeneous treatment effects can improve the

external validity of agri-environmental economics experiments.
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3.2 Design considerations: Control, context, and representativeness
An experiment’s structure is critical for its ability to provide accurate and useful

insights. Researchers make dozens of decisions when designing any particular exper-

iment. These decisions are typically guided by a desire to develop the experiment

that is best suited to answer the research question(s) at hand. It would be impractical

of us to attempt to provide guidance for all the possible design decisions researchers

might ponder when planning an economic experiment. Instead, we focus on three

dimensions that are integral in designing experiments that can inform policy: control,

context, and representativeness. We define each dimension and describe how certain

design decisions influence fundamental tradeoffs among control, context, and repre-

sentativeness. In the following section, we revisit these tradeoffs in our discussion of

four stages of experimentation that can be used to generate credible evidence related

to agri-environmental programs and policies.

Lusk and Shogren (2007, p. 6) defined control as limiting the environment of the

experiment “such that no unmeasured external force drives choices. That is,

confounding of cause and effect is eliminated.” Experiments in general provide

the researcher with a level of control through the exogenous assignment of partici-

pants to treatment and control groups. The highest levels of control are typically

achieved in laboratory experiments, in part because the administrator can monitor

all participants simultaneously and prohibit or limit communication among par-

ticipants through rules established at the beginning of the experiment. Laboratory

experiments can also be designed to allow for free communication among partici-

pants and for records of that communication to be saved and used in data analysis.

In field experiments, on the other hand, researchers have far less (and sometimes no)

ability to control communication among participants or to record it directly and often

must rely on self-reported post-experiment surveys to gather information about the

nature and amount of communication among participants.

The source of values driving decision making can also influence the level of

control in an experiment. Most laboratory experiments rely on induced values,which
are set within the experiment and thus are known to both the researcher and partic-

ipant. For example, in a reverse auction experiment, participants are assigned costs

that they can consider when deciding whether they will participate and how much to

bid. Additionally, when payoff functions are only influenced by induced values, the

researcher knows clearly which incentives are available to drive participant

behavior. Endogenous values arise entirely from the participants and may or may

not be revealed to the researcher through measuring participants’ behaviors. If en-

dogenous values are unobservable, but influence observed behavior, the researcher

lacks some level of control especially if these external forces end up being key

drivers of participant decisions.

Lusk and Shogren (2007, p. 15) defined context as participants having “some

contextual cues about why their decision[s] might matter in a bigger world.” Among

other things, context affects the tone of language used in experiments. An important

decision is whether instructions should be written using context-specific language
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(e.g., landowner, profit, taxes, pollution, conservation, government program) or

neutral language (e.g., agent, earnings, deduction, external effects, project).

Context-specific language can make instructions and the experiment setting easier

for participants to understand. However, it also can invoke emotional responses

and negative associations (e.g., terms such as taxes and pollution). The language,

therefore, must make the incentives adequately salient to participants. Whether these

changes truly affect participants’ behaviors is subject to debate and has not yet been

thoroughly tested.

A related concept is experiment parallelism, typically defined as the extent to

which the conditions and parameters in the experiment replicate actual policy

conditions (Camerer, 2011; Levitt & List, 2007a, 2007b; Messer, Kaiser, & Poe,

2007; Plott, 1987; Smith, 1982). A high degree of parallelism in an experiment is

desirable as it induces behaviors in an experiment that reflect participants’ behaviors

in actual settings.

While a generically framed experiment can produce individual and aggregate

results that closely parallel behavior in an agri-environmental program, providing

participants with additional context increases the degree of parallelism by associat-

ing their choices with opportunities to “do good” for the environment and others. For

example, in a laboratory experiment conducted by Palm-Forster, Suter, and Messer

(2019) regarding policies to reduce ambient pollution in a primarily agricultural

watershed, participants were asked to act as firm managers operating in a shared

watershed. The downside of context arises from potential bias introduced when

experiment participants have strong opinions about the issue. For instance, the terms

“tax” and “transfers” can have identical functions in an experiment setting, but “tax”

can invoke strong reactions in participants who view any tax as undesirable—even if,

in a particular context, the tax would increase social welfare. Such negative reactions

create problems of internal validity when they give participants a perverse incentive

to reject a program’s financial incentive. However, if the negative reactions are sim-

ilar to what would be observed in actual programs, use of the additional context can

be quite beneficial.

Neutral, abstract language is typically used in the instructions for experiments

designed to test theoretical predictions thus providing greater control over potential

confounding factors. For example, to ensure that participants make their decisions

based on the economic incentive offered in the experiment and not on their feelings

about the study topic, researchers can use generic terms such as goods, tokens,

buyers, sellers, firms, and managers in experiment instructions.

Parallelism has become a critical concern among agricultural policymakers,

academic peer-reviewers, and funders trying to evaluate the results of experimental

studies. Policymakers and peer-reviewers are often skeptical of results from

unframed experiment designs and designs that grossly simplify complex policy

choices even when there is little evidence that the framing affects participant behav-

ior. Their skepticism has led them to require additional justification for the need for

and reasonableness of simplifications and framing choices.
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Messer et al. (2014) built on the description of parallelism by adding a third

dimension, representativeness, related to how similar behaviors of sampled partic-

ipants are to behaviors of people making actual economic decisions. Representative-

ness is particularly critical for agri-environmental experiments because researchers

can rarely sample large groups of agricultural producers and landowners (Weigel,

Paul, Ferraro, & Messer, 2021). Several studies employing experiments in agri-

environmental contexts have indicated that landowner behaviors are similar to

behaviors observed in laboratory experiments with undergraduate students (see a

summary in Rosch et al., 2021). However, government agencies so far remain reluc-

tant to use experimental results to establish policies, in part because of questions

about whether the results are broadly applicable to producers targeted by their spe-

cific programs and focus areas. Consequently, researchers should be aware of the

inherent trade-offs associated with various types of participant pools when defining

what constitutes causality, achieving external (face) validity, and testing theories and

policies related to land economics.

In our following description of different types of experiments that can be

used to inform evidence-based policymaking in the agri-environmental domain,

we discuss how design choices influence tradeoffs among control, context, and

representativeness.

3.3 Experiment stages
A single experiment does not need to “do it all.” As researchers, we contribute

incrementally to the stock of knowledge in a particular field, and experiments

are but one tool we use to contribute to that knowledge. We learn something from

every experiment so the goal is not to design one experiment from which we can

learn everything about a particular topic. (And we would certainly fail if we tried.)

The goal is to implement a well-designed experiment that clearly tests one or two

hypotheses and leads to the next research question and next experiment. With this

incremental approach to research in mind, we suggest that investigators think care-

fully about their overarching research questions and the level of experiment testing

that will allow them to answer those questions. We further note that it can be help-

ful to conduct surveys, focus groups, and/or interviews prior to designing exper-

iments since those tools can provide important insights into needed elements of the

design.

Different types of laboratory and field experiments offer distinct advantages and

pose unique challenges; used together, they represent a strong versatile toolkit for

experimental economists. Cason and Wu (2019) argued that, in general, tests of

economic theory are best accomplished using laboratory experiments involving

student subjects and that field experiments with the target population are preferrable

for questions about specific policies and programs and when the role of heterogenous

preferences and characteristics of the target population is important.
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We propose four stages of experimentation that can inform the design and imple-

mentation of agri-environmental programs and policies. Experimental approaches in

these stages range from using induced-value, context-neutral laboratory experiments

involving student participants to RCTs in collaboration with agency partners in

which observations come directly from the population of interest. In Table 2, we pre-

sent seven key attributes of experiments in each stage that we feel are particularly

important to consider when designing experiments in agri-environmental contexts.

These attributes include, (1) the location of the experiment, (2) source of values,

(3) participants’ awareness of the research, (4) experiment framing, (5) whether

experiment decisions link to real world behavioral changes, (6) the participant pool,

and (7) experiment incentives. These attributes influence the strengths and weak-

nesses of using a specific type of experiment to answer a relevant research question,

depending on the nature of the question. In Fig. 1 we present a graphical depiction of

the tradeoffs among control, context, and representativeness for experiments

designed to investigate questions related to agri-environmental issues.5 In describing

the types of experiments within each stage, we will reference Table 2 and Fig. 1 to

discuss how attributes of those experiments connect to fundamental trade-offs

among control, context, and representativeness that strongly influence the balance

between internal and external validity and the level of parallelism.

Using multiple complementary stages of experimentation provides a comprehen-

sive research approach for generating credible research findings that can inform

evidence-based policymaking in agri-environmental contexts. Naturally, there are

contexts and questions for which a stage is not appropriate, and it is not necessarily

feasible to conduct all of the stages because of budget, time, and other constraints.6

Note also that these stages, ideally, are pursued sequentially, developing knowledge

in Stage I that is rigorously tested in subsequent stages; however, we recognize that

there are situations in which findings in later stages require additional work using

Stage I or Stage II approaches before the underlying behavioral mechanism can

be understood. We use the experiment stage framework as a guide to show how dif-

ferent types of experiments can build upon each other to inform program and policy

design, but we are not suggesting that researchers must always work through each

stage to generate meaningful findings. We next discuss the value of each experiment

stage to assist readers in determining the stages and sequence of experiments best

suited to particular research questions.

5Figure 1 is a modification of one developed in Messer et al. (2014) and is an extension of Lusk and

Shogren’s (2007) framing methodology, which discussed trade-offs between control and context in
experimental designs for auctions.
6Constraints beyond those imposed by budgets and timelines may limit a researcher’s ability to conduct

a particular type of experiment. For example, constraints related to participant recruitment are often

faced by researchers trying to engage farmers and rural landowners in economic experiments (and other

types of research, for that matter). We discuss recruitment challenges in Section 4 (Issue 4).
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Table 2 Stages of experiment testing to inform agri-environmental policy and program design.

Stage
Type of
experiment Location

Source of
values

Experiment
framing

Participant
pool

Awareness of
research
participation

Do experiment
decisions link to
real behavioral
changes?

Experiment
incentives

I (IA) Context-neutral
lab experiment
(IB) Context-
specific lab
experiment

University lab (IA) Induced
(IB) Induced/
endogenousa

(IA) Context-
neutral
(IB) Context-
specific

Students Yes No Experiment
dollarsb

II (IIA) Artefactual field
experiment
(IIB) Framed field
experiment

University or
mobile lab

(IIA) Induced
(IIB) Induced/
endogenousa

(IIA) Context-
neutral
(IIB) Context-
specific

Target
populationc

Yes No Experiment
dollarsb

III Field experiments
with potential
on-farm
implications

In the field Endogenous Context-
specific

Target
populationc

Yesd Yes Actual
currency

IV Randomized
controlled trials
(RCTs)

Natural
decision-
making
environmente

Endogenous Context-
specific

Target
populationc

No Yes Actual
currency

aIn laboratory experiments related to agri-environmental topics, values are typically induced in the sense that incentives and payoffs functions are assigned by the researcher.
There may be some cases in which endogenous values enter an experiment, particularly when context-specific language is used.
bExperiment dollars are traditionally converted to real currency at a specified conversion rate, which means that typically the stakes are much lower in Stage I and II experiments
relative to Stages III and IV.
cFarmers and rural landowners are often target populations for experiments on agri-environmental decision-making.
dIn Stage III, we consider field experiments in which participants are aware of the research study. These types of field experiments are often designed to test agri-environmental
research questions. Awareness of research participation is not a defining feature of all field experiments in general.
eInformation about decisions can often be obtained via administrative data.



3.3.1 Stage I: Laboratory experiments with student participants
As shown in Table 2 and Fig. 1, Stage I experiments provide strong control because

they are generally conducted in university laboratories but often have weak represen-

tativeness by recruiting student participants and using researcher-induced values.We

subdivide Stage I experiments into Stage IA experiments, which use context-neutral

(abstract) language, and Stage IB experiments, which use context-specific language.

The ability to control participant valuations and, therefore, the incentives via

induced values is particularly important (1) when using settings and examining

behaviors for which direct data are not available and (2) when participants form their

valuations using information generally hidden from outside observers, as occurs with

rent-seeking and adverse selection in conservation auctions, and nonpoint source

pollution behavior. Stage I experiments are also valuable because they are the sim-

plest and least expensive to conduct since researchers can readily recruit participants

from large pools of undergraduate students and generally can offer students rela-

tively small financial incentives (approximately the regular hourly wage for student

workers on campus).

FIG. 1

Stages of experiment testing involving trade-offs in control over the experiment versus the

context of the decision environment and representativeness of the sample and incentives.
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Laboratory experiments involving student subjects allow researchers to “induce”

participants with pre-set monetary values known to the researchers and use financial

rewards that are salient to students, creating incentives that can mimic assumptions

from theory. Tests of theoretical questions generally can be considered valid in a va-

riety of settings, including simple, well-controlled university experimental econom-

ics laboratories with relatively homogeneous student participants. Therefore, Stage

I experiments are particularly useful for researchers primarily interested in testing

theory, and they also allow experimenters to place greater stress on theories by test-

ing them under a variety of assumptions that would likely be relevant for programs

implemented in real world settings.

In practical terms, laboratory experiments offer some clear advantages over field

experiments, including being significantly less costly and time-consuming, provid-

ing the greatest control over the experiment environment, and limiting irrelevant

variations in participants that can affect results (Cason & Wu, 2019). The relatively

low cost allows researchers to enroll larger numbers of participants. With larger

samples, researchers can generally test a greater number of hypotheses and obtain

greater statistical power. Lower-cost experiments also mean that researchers can

spend more time focusing on research and less time writing grant proposals, which

can be time-consuming to develop and have success rates of only about 10–20% at

leading funding agencies such as USDA’s National Institute for Food and Agricul-

ture and the National Science Foundation. Although we typically do not consider

external validity as a strength of laboratory experiments, Cason and Wu (2019, p.

746) noted that laboratory experiments involving students “can enhance external va-

lidity because the experimenter can manipulate numerous variables and factors to put

stress on the theory and determine how sensitive the predictions of the theory are to

context.”

Another key advantage of using students is their relative homogeneity in terms of

demographic characteristics. Students tend to be more similar to each other than

members of the general public are in terms of income, age, and educational back-

ground. This similarity can reduce the number of factors potentially contributing

to variations in behavior in an experiment. Greater homogeneity can also improve

statistical power and increase the likelihood of identifying true treatment effects

(i.e., avoiding incorrect findings). By definition, students are generally well-

educated and tend to be comfortable using technologies such as computers and tab-

lets, which are often used in experiments. Furthermore, Fr�echette (2015) found that

student and non-student subjects behaved similarly when making decisions framed

in the same way.

Obviously, however, homogeneous subjects are not ideal when seeking to under-

stand behavior by non-student stakeholders who are heterogeneous on multiple

dimensions and when examining how stakeholder characteristics affect behavior.

However, even in those cases, studies can benefit from first conducting a laboratory

experiment and then moving on to more-heterogeneous environments. Initial
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laboratory experiments can provide solid baselines for observations and oppor-

tunities to test potential experiment designs.7

The framing used in experiment instructions is also an important design consid-

eration. Stage IA describes experiments in which the instructions use context-neutral

language. Participants are asked, for example, to sell “units” to a “buyer” under

various market rules or to make “production” decisions that lead to different

“payoffs” and “costs” for them and others in a group. As discussed earlier, some

researchers worry that these generic terms are difficult for participants to understand

and apply and therefore prefer language that is more context-specific (represented by

Stage IB).

An important question in terms of agri-environmental policies and programs is

whether the behaviors of student participants in a laboratory are adequately predic-
tive of farmers’ actual behaviors. Students generally are much younger and have less

work experience than agricultural producers and generally are less wealthy. The

majority of U.S. farmers are men while the majority of college students are women,

and students generally are more ethnically diverse than agricultural landowners.

And, most students have no experience with agricultural production or land manage-

ment. Thus, at first glance, questions about the use of student participants for policy-

relevant agricultural experiments make sense. If a sample of students does not

behave similarly enough to producers, experiments designed for agri-environmental

contexts cannot provide meaningful, accurate (and therefore useful) information for

policymakers. However, given researchers’ limited resources and difficulty recruit-

ing agricultural producers, student results viewed as “predictive enough” can be

highly cost-effective as a means of pre-testing procedures to be used with producers.

Just as medical studies use animal models to study how cancer can affect humans,

economic researchers can benefit from identifying conditions under which student

participants respond similarly and differently from target populations, allowing them

to better calibrate results and determine when extrapolating from student results is

appropriate.

7Another low-cost option is to recruit participants through online platforms such as MTurk and Qual-

trics. A key advantage of these platforms is that they tend to involve participants who vary more in age

than can be found at most universities. However, whether these low-cost participant pools are better

than student pools has been the subject of significant investigation (see, for instance, Berinsky,

Huber, & Lenz, 2012; Huff & Tingley, 2015; Mullinix, Leeper, Druckman, & Freese, 2015;

Snowberg & Yariv, 2018; Goldberg, van der Linden, Ballew, Rosenthal, & Leiserowitz, 2019;

Boas, Christenson, & Glick, 2020). Snowberg and Yariv (2018) found that MTurk participants tended

to be younger and more educated and to have lower incomes than the general population. As a result,

they argued that researchers gain little from using MTurk respondents over student samples. Berinsky

et al. (2012) found that MTurk participants tended to be more representative of the general U.S. pop-

ulation than samples obtained using in-person convenience, and several other studies found that results

drawn fromMTurk participants were similar to ones obtained from national samples (Savchenko et al.,

n.d.; Mullinix et al., 2015). Regarding samples from Qualtrics, Boas et al. (2020) found that Qualtrics

samples were more representative than MTurk samples but also costed more.

4360 CHAPTER 80 Experimental and behavioral economics



Unfortunately, there is not yet enough data to determine how important these dif-

ferences are. Evidence from some experiments related to agri-environmental pro-

grams has suggested that student and farmer behavior is not all that different

(Fooks et al., 2016; Suter & Vossler, 2014). Other non-economic studies have shown

that the behavior of students, the public, and professionals in response to experimen-

tal treatments can vary (King & He, 2006).

3.3.2 Stage II: Artefactual and framed field experiments with non-student
participants
Stage II experiments are similar to lab experiments, but they are conducted with the

target population, typically agricultural producers and rural landowners for agri-

environmental studies. These experiments are often conducted in locations that

are convenient for farmers, but farmers may also be invited to a university laboratory.

These experiments can be designed using context-neutral (abstract) or context-

specific language. When language is context-neutral, Harrison and List (2004)

referred to these experiments as “artefactual field experiments” and we adopt their

terminology for experiments in Stage IIA. Gneezy and Imas (2017) used the term

“lab-in-the-field” to refer to experiments conducted in the field but designed with

a an induced-value laboratory structure. Context-specific language is used in Stage

IIB experiments, and we call these “framed field experiments” (also following

Harrison & List, 2004).

Recruiting experiment participants from the group of interest improves the

representativeness of the study, and retaining an induced-value (laboratory-based)

structure provides a relatively high degree of control. These experiments can be

conducted in university laboratories. However, it is usually difficult and significantly

more expensive in terms of compensation to recruit agricultural landowners and

producers when they must travel to the laboratory. Consequently, Stage II experi-

ments are ideally conducted using mobile laboratories at sites where farmers tend

to gather, such as state fairs and agricultural extension conferences. Other options

include university facilities in rural areas that specialize in extension activities

and other convenient gathering places in rural communities. Regardless of where

the experiments are conducted, using agricultural producers and rural landowners

as subjects significantly enhances the representativeness of the studies and allows

researchers to assess the effects of context-specific instructions.

Like most design decisions, the choice between using context-neutral and

context-specific language is guided by the goals of the experiment and by the

research questions the experiment is expected to answer. Researchers must also

weigh other considerations when making this choice, like how to most efficiently

use their limited time and scarce research funds. If a researcher is investing the

additional effort and expense to recruit farmers, they are likely interested in how

farmers make agri-environmental decisions in specific contexts. Designing an exper-

iment with context-specific language may also be most salient for farmers participat-

ing in the study. Some level of researcher control is forfeited when participants
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consider factors external to the experiment in making their decisions, but this is a

tradeoff that is often accepted to capture behavior that better reflects decision-

making outside of the experiment.

Agricultural producers naturally bring heterogeneous preferences, experiences,

social attitudes, and norms to experiments that can affect their behavior, particularly

when context-specific language is used. Therefore, some degree of control over par-

ticipants making true valuations can be lost. A significant concern is landowners

worrying that the study results will influence the policies and regulatory environ-

ments they face in the future, which gives them an incentive to attempt to skew

the results. This is particularly problematic when experiments involve treatments

representing policies that potentially have large financial impacts. For instance,

consider experiments that have tested ambient taxes to improve water quality (see

Section 2). Such tax policies would likely go into effect only if voluntary efforts

to reduce pollution are not effective. To demonstrate that voluntary actions are suf-

ficient (and, thus, that taxes are unnecessary), participants could choose to act stra-

tegically in the experiment by making different choices (e.g., larger reductions in

fertilizer use and thus production) than they would for their own fields. When some

participants act strategically in response to suspected policy implications, their de-

cisions are not motivated by the salient reward offered in the experiment. Conse-

quently, control of the research setting is lost, and the responses do not

necessarily reflect the effectiveness of the incentive being tested. After all, the finan-

cial stakes in an economic experiment, even when paying hundreds or thousands of

dollars to participants, likely pale compared to potential costs that new regulations

and taxes could impose on farmers. Note, also, that neutral framing does not guar-

antee that private motivations will not affect participants’ choices. Future taxes and/

or implications of a study can still be apparent to the participants, especially when an

experiment is conducted solely with farmers.

Experimentalists often believe that the data generated through an experiment tell

them everything they need to know.While that may be mostly true in context-neutral

laboratory experiments with high levels of control, it is less true in the field. As

discussed, participants from a group of interest (e.g., farmers) bring rich knowledge,

experiences, beliefs, and values into an experiment and these factors, which are typ-

ically unobservable to the researcher, can influence their decisions. Finding ways to

capture these behavioral drivers can lead to valuable insights. We have found that

coupling experiments with debriefing sessions, focus groups, and surveys can enrich

the researchers’ understanding of decision making in different contexts, and this

information can be particularly informative when applying insights from experimen-

tal studies to program and policy contexts.

3.3.3 Stage III: Field experiments with potential on-farm implications
Researchers studying questions related to agri-environmental decision-making can

construct experiments in which participants make actual decisions that can influence

their agricultural operations and/or the land they manage. We broadly refer to these
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studies as field experiments, and they can take a variety of different forms. The be-

havioral changes often measured in field experiments can involve significant costs

for a participant (e.g., purchasing an agricultural input or deciding to use a new

BMP). In our classification of experiment stages, the real-world nature of decisions

and the associated costs in Stage III field experiments are what differentiate them

from Stage II framed field experiments that are typically set up more like

context-specific lab experiments with lower stakes. Sometimes a Stage III field ex-

periment may be implemented as a pilot project with external partners, other times it

might be feasible through a large grant. We differentiate Stage III field experiments

from “natural field experiments” and “RCTs” based on an assumption that in the lat-

ter cases, participants are not aware that they are involved in an experiment. In the

Stage III field experiments described in this section, we assume people know they are

engaging in research.

Field experiments with the potential to influence real land management decisions

are relatively expensive to conduct but clearly provide greater context and represen-

tativeness, which are attractive attributes for stakeholders who may be interested in

using the findings to inform their work. The amount of control a researcher has over

the environment in a field experiment tends to be limited by factors such as the

natural policy environment involved and the amount of available research funding.

Given their cost, researchers are likely to use field experiments to build on previous

promising findings obtained in simpler, less-expensive settings.

Field experiments are most likely to provide convincing external validity. Note,

however, that the external validity of field experiments is limited by attributes of the

research setting and characteristics of the participants. For example, one cannot

necessarily generalize the results of a field experiment conducted with northeastern

U.S. vegetable crop farmers to row crop farmers in the Midwest or to vegetable

farmers in other developed countries. Furthermore, field experiments can be

conducted in a variety of settings that may influence the generalizability of observed

behavior. For example, some settings may convey more of a research focus (e.g., a

university-sponsored booth at an agricultural expo) vs having participants make

decisions via an online platform or using a paper form that can be mailed or delivered

to a community partner, like a soil and water conservation district.

As discussed in Weigel et al. (2021), a major challenge associated with Stage III

research is recruitment of rural landowners, and we discuss this issue in Section 4

(Issue 4). Numerous studies by leading researchers have never been fully imple-

mented (and have not been published) because of recruiting challenges. And this

problem has only become more difficult as researchers have started relying more

on power analyses (correctly so) to determine the necessary sample size prior to

launching studies and incorporating the power analyses in pre-analysis plans. As

we discuss hereafter, a well-powered study generally requires a dramatic increase

in the number of participants—from the less than one hundred participants used

in many published studies to thousands—to test treatments. In Section 4, we further

describe issues related to statistical power and discuss why statistical power is critical

for deriving robust findings.
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3.3.4 Stage IV: Randomized controlled trials
Stage IV experiments are RCTs which are often implemented in coordination with

the governmental or non-governmental organization that administers the agri-

environmental program in question. RCTs represent the extreme opposite of the

induced-value, neutrally-framed, university laboratory experiments involving

student participants of Stage IA. After researchers have identified promising treat-

ments using framed field experiments, RCTs are the logical “next step” to test the

treatments in the field with individuals who will be affected by the policies

(Behaghel, Macours, & Subervie, 2019). RCTs allow for strong context-specific

framing and representativeness but often sacrifice experimenter control. The degree

of control over the experiment environment varies because the researcher is often

constrained by cooperation with the partner organization.

Few papers describe the benefits and drawbacks of using RCTs for agricultural

policymaking in developed countries. Researchers helping to fill this gap include

Behaghel et al. (2019) and Colen et al. (2016)—they describe benefits of using RCTs

to inform the design of the European Union’s Common Agricultural Policy (CAP).

There is, however, a much richer literature on using RCTs in the context of devel-

opment economics, and we point readers to this literature for a more comprehensive

discussion about using RCTs for program and policy research (see Barrett & Carter,

2010, 2020; Gueron 2017).

Program administrators frequently consider new ways to implement agri-

environmental programs without implementing careful controls that would allow

them to establish a causal link between a program change and outcomes such as

reductions in pollution. RCTs are an excellent method for identifying causal relation-

ships. For example, a program could be interested in testing the impact of providing

information to landowners using engagement strategies that are meant to increase the

salience of stewardship. By randomly assigning the new-information treatment to

some landowners and not to others and measuring outcomes such as sign-up rates,

researchers can estimate the causal effect of the program change on desired outcomes.

We see conducting RCTs at the launch of new programs, and as part of significant

revisions to programs, as promising opportunities, and we encourage researchers to

pursue partnership opportunities. RCTs have not been widely used to evaluate agri-

environmental programs and policies in the United States and Europe (Behaghel

et al., 2019) but offer important benefits. A well-designed RCT with sufficient

controls can accomplish a relatively high degree of internal and external validity.

The current lack of agri-environmental RCTs reflects, in part, the challenges

associated with their use, including political questions about the fairness of randomly

exposing only a subset of individuals to the treatment.

We also view RCTs as an experimental tool that can support the measurement of

long-term behavioral changes. Most economic experiments measure behavioral

changes in the short run. However, agri-environmental questions in general and

questions about producer behavior in particular often relate to long-term and/or

repeated behaviors. To truly understand these behaviors, researchers need to make

repeated observations over time. Long-run impacts are particularly relevant when
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evaluating the kind of large-scale interventions used in government programs (Colen

et al., 2016; Czibor, Jimenez-Gomez, & List, 2019) in which the goal is some type of

sustainability, which implicitly means motivating consistent pro-environmental

behavior over time.

Evidence suggests that applying lessons learned from short-run experiments can

be short-sighted (Czibor et al., 2019). While some studies have shown long-term im-

pacts, other studies suggest that the effects of experimental treatments persist for

short periods. The reasons for this relatively brief impact are unclear. Perhaps, in

fact, the treatment effect does not persist. However, the lack of an ongoing effect

could be related to participants’ long-term exposure (or lack thereof ) to the treatment

being measured. This type of effect is related to attenuation bias and the ability of

participants to self-select into treatments over time. Careful experimentation over

long time horizons is necessary to analyze the persistence of program interventions

in specific contexts.

3.4 Collaborating with government agencies and other partner
organizations
Some of the most well-known field experiments in environmental economics have

been conducted in collaboration with partner organizations such as public utilities

(see, for example, Allcott, 2011). Working with government agencies and non-

governmental organization (NGO) partners allows researchers to test new appro-

aches to program delivery and determine how participant behavior is likely to change

in specific decision spaces. Partnerships are also advantageous because the agencies

and organizations likely possess baseline data on participants’ behavior under the

status quo that allow researchers to test new policy approaches using carefully

designed controls and observe how their behaviors change in response to the treat-

ments. In addition, as we discuss in Section 4 (Issue 4), it is time-consuming, diffi-

cult, and expensive for academic researchers to recruit agricultural producers for

experiments. By partnering with organizations in contact with hundreds (or thou-

sands) of farmers, academic researchers can use those pools to quickly and easily

recruit participants, potentially eliminating the need to do any recruiting of their own.

Glennerster (2017) describes several attributes of an ideal partner for conducting

field experiments. These attributes include having the capacity to operate at the scale

necessary for the program, the technical competence and expertise required to

successfully implement the program, a strong reputation, low staff turnover, flexi-

bility, and a desire to know the truth. This is a lofty list of attributes, and it is often

difficult to find a partner organization that checks all of these boxes. Our experience

suggests that low staff turnover, flexibility, and having a strong desire to improve

their program, even if research reveals harsh truths, are key for conducting experi-

ments with partners in the agri-environmental context.

Partnering with organizations introduces factors that are beyond researchers’

control and can threaten the viability of a study and the generalizability of results.

For example, a partner organization’s priorities and/or leadership can change,
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leading to a reduction in or even abandonment of projects that were once a high

priority for the organization. For instance, in the United States, CBEAR was origi-

nally established during the Obama administration, was renewed during the Trump

administration, and has continued to operate during the Biden administration.

Throughout that period, priorities and even the structure of the federal government

underwent large changes with interest in environmental protection waxing and

waning. Changes in staff and leadership also can affect how much active support

there is for a project in the organization. And those problems can be amplified when

approval processes involve individuals who are political appointees; appointments

change with the administration and program priorities tend to change as well.

One frequently noted disadvantage of partnering with agencies and organizations

relates to oversight of the research. Collaboration often requires allowing program

staff members to review and approve research plans and budgets, which can improve

the research but also invite critiques, introduce perverse incentives from outside

organizations, and (usually) extend project timelines, often adding years to the

research process. Likewise, some organizations will want to develop legal docu-

ments such as memorandums of understanding to formalize the relationship. Such

documents make sense in terms of protecting the privacy of the data but also tend

to be time-consuming to develop and require various reviews, which can complicate

the process for researchers when the documents also require authorization from uni-

versity legal officials.

When working with a government agency, such as USDA’s Economic Research

Service, researchers typically must obtain approval from agency managers through a

“gateway” process that includes a full review by the Office of Management and

Budget. The approval processes tend to be quite time-consuming, often requiring

more than a year to complete and potentially creating conflicts with other timelines

(e.g., grant deadlines and job performance evaluations) that require researchers to

demonstrate progress. Furthermore, as the number and difficulty of required

approvals increases, it becomes increasingly difficult to satisfy everyone and the

time required to obtain so many approvals can grow and grow. However, with the

right project partners, the rewards for overcoming these difficulties can certainly

be worth the extra effort.

4 Contemporary issues, best practices, and
recommendations
Conducting quality research is always demanding. In this section, we highlight

contemporary challenges researchers must tackle to produce credible findings and

emphasize how those challenges are particularly salient for experimental econo-

mists. We also highlight issues that are critical for agri-environmental research,

including recruitment challenges and detecting heterogeneous treatment effects.

After introducing each challenge, we suggest best practices (drawn from the litera-

ture and our own experiences) for overcoming the challenge to produce high-quality

experimental and behavioral economic research. The five issues we highlight do not
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comprise an exhaustive list of the challenges researchers will face when designing

and implementing economic experiments on agri-environmental topics. That said,

we believe these issues are sufficiently important to warrant focused attention so that

researchers can use best practices to carefully plan experimental studies that can pro-

vide credible information to further advancing the evidence on how best to design

agri-environmental programs and policies.

4.1 Issue 1: Replicability crisis in the social sciences
Credible scientific knowledge serves as the foundation of evidence-based policies

and programs. Questions about the integrity of this knowledge base damage

researchers’ reputations and leave policymakers to search for reliable information.

Several studies have demonstrated that results of social science studies could not

be replicated, leading researchers to question the validity of the published findings

(Camerer et al., 2018; Open Science Collaboration, 2015), including experimental

economics (Camerer et al., 2016) and environmental and resource economics

(Ferraro & Shukla, 2020). Camerer et al. (2018) attempted to replicate 21 social

science experiments published in two journals—Nature and Science—and found that

false positives and inflated effect sizes contributed to failed replication for 8 of the

studies (38%) and that replicated effect sizes were 75% of the original effect size in

13 replicated studies. As in other scientific disciplines, the ability to replicate the

results of agri-environmental experiments provides confidence that the original find-

ings are robust, and therefore valuable, sources of information that can be used to

inform policy and program designs. Ferraro and Shukla (2020) emphasized that a

replicability crisis in environmental and resource economics will damage the repu-

tation of the field as a source of credible, unbiased research and raise questions about

the value of the research for evidence-based policymaking.

The ongoing replicability crisis has been fueled by numerous factors, including

so-called questionable research practices, which include underpowered designs,

strategic sampling, selective exclusion of data points, multiple comparisons, and

selective reporting of results (Ferraro & Shukla, 2020), and overtly deceptive prac-

tices such as p-hacking.8 Publication bias also plays an important role by censoring

the kinds of results that are published and creating an incentive for researchers to take

actions that will increase the likelihood of their studies being published. We further

discuss the issues of underpowered designs and publication bias later in this section

(these are Issues 2 and 3, respectively), and we suggest best practices for addressing

these issues specifically. Here, we focus first on two best practices that address the

replicability crisis by reducing the use of questionable research practices and making

studies easier to replicate: (1) writing pre-analysis plans and pre-registering exper-

iment designs and (2) designing and presenting economic experiments with replica-

tion in mind.

8p-Hacking generally refers to misleading efforts by some researchers who repeatedly analyze data

and/or subsets of the data to obtain results that meet traditional thresholds for statistical significance

(P values less than 0.05), thus dramatically increasing the potential for false positives.
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4.1.1 Best Practice A: Pre-analysis plans and pre-registration of
experiment designs
Pre-analysis plans are documentation generated before beginning to collect or

analyze data that describe how a study will be conducted, including the plan for

empirical analysis. For experimental economics studies, pre-analysis plans describe

the research hypotheses; experiment design, including all treatments and controls;

power calculations; characteristics of people who will be sampled; sample sizes;

and methods for analyzing the data, including construction of the key variables, pro-

cedures for cleaning the data, and strategies for estimations (Janzen&Michler, 2021;

Olken, 2015).

Creation of a pre-analysis plan can be inherently valuable as a research planning

tool. It is also important as a public commitment device when it is posted on a public

registry before the start of data collection. Published pre-analysis plans bind

researchers to the established protocols and data analysis strategy regardless of

the results, reducing the incentive to use questionable research practices that would

increase the likelihood of finding significant results. Published plans also increase

research transparency by clearly stipulating the original aims of experiments and re-

quiring researchers to be forthright about results that were discovered during explor-

atory analyses of experiment data. Additionally, registries help address the file

drawer problem by creating a record of tested hypotheses and generating an incentive

for researchers to report the results regardless of their statistical significance.

To be clear, we (along with many other researchers) are not suggesting that pre-

analysis plans should restrict exploratory analyses. Such analyses often generate

interesting insights and new hypotheses that can be tested in future work. Pre-

analysis plans require that researchers be transparent about whether results came

from planned analyses testing their original hypotheses or were generated during

exploratory analyses. To make these distinctions clear to readers, we encourage

authors to clearly label each type of results in the result section of their papers.

Registration of pre-analysis plans is not universally required of economic

researchers, but journals are becoming increasingly strict about registration require-

ments for certain types of studies, including RCTs.9 The American Economic Asso-

ciation (AEA) operates a registry of RCTs (www.socialscienceregistry.org), and

researchers must have registered a pre-analysis plan to submit papers to journals un-

der the AEA umbrella. Currently, the AEA registry is set up primarily for RCTs. We

encourage AEA to update its registry to better accommodate pre-analysis plans for

laboratory and field experiments and even non-experimental studies, as the value of

doing pre-analysis plans certainly extends to research other than RCTs. Other public

registries for pre-analysis plans include Open Science Framework (https://osf.io/reg

istries) and AsPredicted (https://aspredicted.org/).

9Registering pre-analysis plans is required in other fields. For example, clinical trials regulated by the

U.S. Food and Drug Administration must be pre-registered at a site managed by the National Institutes

of Health (NIH) National Library of Medicine (ClinicalTrials.gov).
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In addition to their “public” benefits, pre-analysis plans can provide private ben-

efits to researchers. Olken (2015) suggested that registered plans can streamline the

analysis and presentation of data by requiring researchers to commit to specific steps

in advance. Janzen andMichler (2021) proposed that the process of developing a pre-

analysis plan is inherently valuable to researchers because it requires them to proac-

tively think about their approaches and methods and about timelines and constraints

associated with the design and to document the research design. The study noted that

developing a pre-analysis plan is particularly valuable when working as part of a

team in which members are responsible for portions of the project and all must ac-

knowledge and agree to the plan before finalizing the research design and beginning

data collection. Registered plans also provide opportunities for feedback prior to data

collection that can prevent costly mistakes and oversights that would be difficult or

impossible to correct later.

Some economic researchers have pushed back against requiring registered pre-

analysis plans. They typically do not believe that the use of inappropriate research prac-

tices is a significant problem and view pre-analysis plans as time-consuming activities

that overly restrict their freedom as researchers (Coffman&Niederle, 2015). However,

several leading experimental researchers have argued that the benefits of pre-analysis

plans outweigh the costs and they have emphasized that the plans do not have to be

overly burdensome. Banerjee et al. (2020) suggested that the plans can be short doc-

uments that outline the general research plan, thus allowing for flexibility. Addition-

ally, Janzen and Michler (2021) pointed out that many components of pre-analysis

plans are developed when drafting grant proposals to fund the research thus the time

required to develop and post the pre-analysis plan may be less than expected. We fur-

ther note that, for many experiments, the design of the instructions and protocols is al-

ready a very deliberative process asmany decisions are beingmade about how to set up

the situation to test treatments of interest. Thus, documenting these decisions and how

the data will be analyzed in a pre-analysis plan does not need to be too time consuming.

Since most experiments involve treatments set by the researchers, it should not be

burdensome to develop pre-analysis plans that describe why the treatments were se-

lected, the research questions they were designed to answer, and the statistical ap-

proaches that will be used to test the hypotheses. Registering a concise plan

generates value by motivating research transparency and creating an incentive to com-

municate statistically significant and insignificant results, which could counter publi-

cation bias (discussed in Issue 3). Additionally, if editors and reviewers begin to view a

pre-analysis plan as a critical element of a well-designed and properly powered exper-

iment, registered plans should facilitate ongoing publication of studies in influential

journals evenwhen results fromkey treatments are not statistically significant. Clearly,

registered pre-analysis plans involve upfront costs for researchers, but we and other

proponents of the plans believe that the benefits greatly outweigh the costs.10

10See Janzen and Michler (2021) for a comprehensive review of the history, format, and debate

regarding pre-analysis plans.
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4.1.2 Best Practice B: Design and present studies with replication
in mind
Replicability increases the value and reliability of results from experimental eco-

nomics studies. More than 30 years ago, Smith (1982) suggested that progress in

the discipline depended on replicability of experiments, and in the wake of scrutiny

recently about the credibility of social science discoveries, researchers are increas-

ingly calling for more replication studies (Coffman, Niederle, & Wilson, 2017;

Czibor et al., 2019). To support these efforts, researchers can design and present stud-

ies with replication in mind.

Replication studies can take several forms, and researchers can design and pre-

sent research to support each form (see Hamermesh, 2007 for a detailed overview of

the replication types highlighted in this section). The most basic form, pure replica-
tion, involves reanalyzing the original data using the original models to confirm the

results. Pure replication can uncover errors associated with data cleaning, calcula-

tions, and coding. Statistical replication reruns experiments with a second sample

of the original population and analyzes the new data using the original model. It typ-

ically is applied to address questions about sampling errors and to studies that had

weak statistical power. The broadest form of replication, scientific replication, in-
volves running the same experiment in terms of overall goals and design with a sam-

ple from a different population and using the same or different models to analyze the

results. It is used to test whether the original study’s findings are robust and

generalizable.

Furthermore, experimental economists can replicate their own studies by

rerunning the experiments with new participant pools. Within-study replica-

tions can make valuable contributions by testing whether generalized findings

from a study hold in different contexts and with participants from different

populations.

Friedman and Sunder (1994) outlined four types of records experimental re-

searchers should keep to ensure replicability: (1) written instructions for partic-

ipants and details of the recruitment process; (2) copies of the software and

hardware used, when applicable, to allow them to be made available to others

to replicate the experiment; (3) documentation of the laboratory activities in a

log that includes dates, times, and particulars of the activities (including copies

of the instructions) and copies of the raw data; and (4) a record and copies of

statistical programs and code used to analyze the data. Consequently, researchers

can proactively promote transparency and facilitate replication by publicly ar-

chiving the data and the coding used to construct the variables and clean and an-

alyze the data.

Top economics and applied economics journals already require publishing of the

data and code with papers, but many agricultural, resource, and environmental eco-

nomics journals do not require the data to be published or do not enforce the require-

ment (Lybbert & Buccola, 2021). We expect that publication of data and coding with

papers will become more common in the near future. In addition, an increasing num-

ber of economics journals submit results presented in papers to data editors who
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conduct pure replications before the papers are published. Some universities have

begun to offer free replication services to support replicability and transparency.11

Another step researchers can take to facilitate replicability is to conduct suffi-

ciently powered studies, which we discuss in greater detail in the next section. Ad-

equate statistical power is essential for replication. When an original study and its

replication rely on small samples, variations in the samples can be amplified, leading

to different results, and a lack of adequate statistical power always raises questions

about the reliability of findings.

4.2 Issue 2: Challenges presented by underpowered studies
Statistical power refers to the probability that a false null hypothesis will be rejected

at a given significance threshold (Ellis, 2010). Researchers who fail to reject a false

null hypothesis commit Type II errors known as false negatives. The probability of a

Type II error typically is denoted as β and power is denoted as 1–β. In experiments,

statistical power is influenced by the design of the study, how strongly treatments

influence participant behavior, the number of participants, and how the data will

be analyzed, including the type and number of hypotheses tested. It is important

to remember that power is not a data analysis tool and is not related to causal infer-

ence (Vasilaky & Brock, 2020).

Lack of statistical power has plagued numerous types of research and a wide

variety of methods, including economic experiments (Smaldino & McElreath,

2016; Zhang & Ortmann, 2013). In terms of statistical power, the rule of thumb

is to design studies to achieve 80% power or better (i.e., the probability of not

making a Type II error is 80% or greater). However, a survey of the economics

literature (including experimental and non-experimental studies) suggests that

the median statistical power of published studies is less than 20% (Ioannidis,

Stanley, & Doucouliagos, 2017).

A lack of statistical power can produce misleading experiment results, a partic-

ularly significant drawback when experiments are used to guide policymaking and

program design. The danger associated with using underpowered experiments is

twofold. First, low power increases the probability that the researcher will fail to

identify the effect of a tested treatment (a Type II error). Second, low power increases

the likelihood that a statistically significant effect will be exaggerated (a Type

M error) or even have the wrong sign (a Type S error) (Button et al., 2013;

Gelman &Carlin, 2014). Low power is also a problem when testing multiple hypoth-

eses (multiple treatments), treatment effects for multiple subgroups, and multiple

outcomes (Vasilaky & Brock, 2020).

It is important to understand that concerns about insufficiently powered studies

are closely related to the replicability crisis (Issue 1) and publication bias (Issue 3).

11For example, Cornell University’s Cornell Institute for Social and Economic Research (CISER)

offers a service called Results Reproduction (R-Squared) that is described as enhanced proofreading
for your Data and Code (https://socialsciences.cornell.edu/research-support/R-squared).
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Specifically, Type M and S errors are less problematic when the results of all studies,

including replications, are published so researchers can draw conclusions about the

“true” results. When journals are likely to publish only statistically significant results

and experiments are rarely replicated, it is difficult to identify exaggerated estimates

and incorrect null effects in prior studies.

In terms of agri-environmental decision-making, underpowered designs are par-

ticularly prevalent in field experiments investigating behavioral nudges because true

effect sizes tend to be relatively small and can only be detected by using large sam-

ples. When a study is underpowered, the most likely inference is that the intervention

was either unsuccessful or had an exaggerated effect even when the true effect is

positive. The incorrect inferences can thwart future refinements of interventions, en-

courage adoption of interventions that will have little or no effect, and, sadly, prevent

widespread adoption of interventions that are actually successful (especially ones

that have relatively small effects but are extremely cost-effective, such as nudges,

which often cost essentially nothing to implement). The consequence of incorrect

inferences combined with publication bias and lack of replication is potential mis-

allocation of scarce agri-environmental resources. To identify underpowered designs

in advance, researchers should conduct power analyses before implementing exper-

iments. See Bellemare, Bissonnette, and Kr€oger (2016), Ellis (2010), List, Sadoff,
and Wagner (2011), and Vasilaky and Brock (2020) for guidance on conducting

power analyses for experimental studies.12

Some researchers have argued that reporting results from underpowered studies

provides helpful (but imperfect) results that can inform policymaking via their inclu-

sion in meta-analyses. We recommend caution in this regard. Meta-analyses gener-

ally draw from the published literature and thus generally can only estimate true

effects by assuming that all underpowered studies are equally likely to be published.

However, editors and reviewers currently tend to favor underpowered studies that

show statistically significant results to ones that show null results or results that

are counter to the current wisdom. This publication bias is likely leading to overes-

timates of treatment effects and this impact can also bias the results of meta-analyses.

4.2.1 Best Practice C: Conduct statistical power analyses
Conducting an ex ante statistical power analysis informs the design of an experiment

and the sampling strategy. By considering statistical power, researchers can increase

the efficiency of their experimental designs and avoid using samples that are too

small to detect effects (plus avoid costly oversampling) (Vasilaky & Brock,

2020). Using a power analysis to guide sample size reduces use of misguided prac-

tices such as endogenously choosing sample sizes based on initial results from a

handful of experiment sessions and continuing to increase the sample size until a sta-

tistically significant result is found. Both practices are bad science and increase the

12Janzen and Michler (2021) emphasized that researchers should justify their alpha levels (statistical

significance levels) along with other decisions they make when designing a study.
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likelihood that the study will generate results that are not credible. Stopping or con-

tinuing studies based on the presence or absence of statistical significance has long

been recognized as a source of bias (Armitage, McPherson, & Rowe, 1969) and can

introduce Type I errors by rejecting true null hypotheses. Consequently, adequate

sample sizes should always be determined before conducting experiments.

Sufficiently powered studies also make null results more convincing because re-

searchers can demonstrate that the study was adequately powered to detect an effect

of a certain size if it existed. For agri-environmental policies, one can argue that eco-
nomically significant results are needed—that the effect is sufficiently large to justify

new actions and policies. Researchers who conduct power analyses, which are part of

publicly available pre-analysis plans, can point to the power analyses and the mag-

nitudes of the effects the studies were designed to detect. In addition, rather than

evaluating papers based on the magnitude and significance of the results, editors

and reviewers should reward authors for reporting ex ante power analyses in their

pre-analysis plans and evaluate the quality of the experimental designs and the im-

portance of the questions asked.

Statistical power depends on many factors, including sample sizes, significance

levels (α), distributions of outcome variables, minimum detectable effect sizes

desired by the researchers, and testing procedures employed in the experiments

(e.g., econometric models vs simple parametric and non-parametric tests), including

the types and numbers of hypotheses to be tested. Other facets of the design, such as

measures of repeat decisions from the same observational units (individuals or

groups) and choices about treatment randomization (within-subject or between-

subject) also need to be considered. Bellemare et al. (2016) and Vasilaky and

Brock (2020) provide useful resources and examples of power analyses specifically

designed for economic experiments.

The primary challenge associated with power analysis is specifying the minimum

detectable effect size and expected outcome distributions associated with treatment

and control conditions. One approach to identifying that information is to collect

data from the population of interest via a pilot study. Pilot studies are useful for

other reasons as well, such as refining an experiment’s parameters, procedures, soft-

ware, and information materials. In addition to pilot studies, researchers can seek

related studies and meta-analyses on the study topic to guide selection of standard-

ized effect sizes to use in power calculations. However, we caution researchers to

interpret published effect sizes with caution because challenges with underpowered

designs and publication bias can lead to publication of exaggerated effect sizes.

Field studies of agri-environmental issues have often found effect sizes of 0.10 stan-

dard deviations or less (Palm-Forster, Ferraro, et al., 2019); therefore, we suggest

that researchers use conservative effect-size estimates when conducting ex ante
power analyses.

Conducting power analyses and reporting the power of studies are two concrete

steps researchers can take to increase the credibility and enable replication of their

findings. That said, power calculations are valuable only if researchers follow

their guidance, which is not without challenges. First, a power analysis can indicate

43734 Contemporary issues, best practices, and recommendations



that the experiment design or recruitment plan needs to be modified, which requires

time and effort. Second, larger sample sizes typically involve higher recruitment

costs and a significantly larger budget for participation fees, raising the cost of

the study. If resources are not available to recruit a larger sample, increasing the

power of the study can be accomplished by using a simpler experiment design, which

could limit the number of treatments tested. Third, as previously noted, researchers

need to be transparent in subsequent write-ups about which of their hypotheses were

part of the original design for which a power analysis was calculated and which hy-

potheses were generated later. As previously noted in the section on pre-analysis

plans (Best Practice A), our suggestions are not meant to devalue research discretion

or exploratory analyses. Instead, such results should be reported transparently and

conclusions from exploratory analysis should come with the caveat that they are

more suggestive than definitive.

4.2.2 Best Practice D: Report standardized effect sizes
We recommend that authors publish standardized effect sizes when describing re-

sults of a study, which will allow for comparison of the magnitudes of estimated

treatment effects across treatments and outcomes in papers and to treatment effects

estimated in related studies. Published standardized effect sizes also provide valu-

able information for researchers seeking strong priors when selecting the minimum

detectable effect size needed for an ex ante power analysis. However, we caution

researchers to be wary of selecting experiment designs based solely on large antic-

ipated effect sizes since subsequent power analyses could indicate that the sample

sizes are too small to detect the true (smaller) effects.

Ellis (2010) and Thalheimer and Cook (2002) provide guidance on how to cal-

culate standardized effect sizes. Cohen’s d (Cohen, 1988) is commonly used. It is

calculated by computing the difference between the mean outcome of the control

group and the mean outcome of the treatment group (i.e., the treatment effect)

and dividing that difference by the pooled standard deviation for the two groups.13

For example, if the outcome variables for the control and treatment groups are 4.5

and 6.5, respectively, and the pooled standard deviation is 5.0, the standardized effect

size is 0.40—equivalent to a change in the outcome variable of 0.40 standard devi-

ations in magnitude.

4.2.3 Best Practice E: Correct for multiple hypothesis testing
Economic studies, including experiments, commonly test multiple hypotheses.

Multiple hypothesis testing (MHT) can arise from testing the effects of multiple

treatments on a specific outcome, the effects of one or more treatments on mul-

tiple outcomes, and heterogeneous subgroup treatment effects. In a review of

34 studies involving field experiments published in top economic journals,

13Other common formulas for calculating standardized effect sizes include Glass’s delta and Hedge’s g
(Ellis, 2010).
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Fink, McConnell, and Vollmer (2014) found that 76% of the studies included sub-

group analyses and 29% reported estimated treatment effects for ten or more

subgroups.

Testing multiple hypotheses is a common practice, and it is not inherently wrong.

However, if problems associated with it are not acknowledged and addressed, MHT

can generate findings that are not robust. Two primary concerns arise with MHT, one

related to statistics and the other to researcher behavior. Based solely on the statis-

tical properties of hypothesis testing, the more hypotheses we test, the more likely we

are to spuriously reject a null hypothesis (Type I error) (List, Shaikh, & Xu, 2019). In

other words, with MHT, we worry about the probability that a P value will fall below

the critical threshold (e.g., α¼0.05) and a null hypothesis will be rejected even

though it is true. The second related concern, about researcher behavior, arises when

there is an incentive to search for statistically significant results and researchers test

hypotheses until they obtain significant results. It also can occur when researchers

attempt to address reviewer requests to test for heterogeneous treatment effects,

as sometimes occurs for papers on experimental studies.

Correcting for MHT is common in other disciplines but has not been widely

used in economics. That said, economic researchers are recognizing the problems

associated with MHT, and many are calling for solutions to address the problems

(Christensen & Miguel, 2018; List et al., 2019; Olken, 2015). Correcting MHT

essentially consists of adjusting the critical values (P values) used for inference.

One strategy is to control the false discovery rate—the expected proportion of

false positives among rejected hypotheses—often with Bonferroni-type correc-

tions. Procedures for controlling false discovery rates are described by

Benjamini and Hochberg (1995), Benjamini and Yekutieli (2001), Yekutieli

(2008), and Xie, Cai, Maris, and Li (2011). In short, the approaches revise the

rejection rules for hypothesis testing (e.g., they use alternatives to “reject if

P<0.05”) based on the desired false discovery rate, the number of hypotheses

to be tested, and, typically, a set of P values from prior individual tests. One

can also account for MHT by controlling the family-wise error rate: the probabil-

ity of incorrectly rejecting even one null hypothesis (of committing at least one

Type I error). The Romano-Wolf procedure (Clarke, Romano, & Wolf, 2020;

Romano & Wolf, 2010) is an approach for controlling family-wise error rates that

may offer greater statistical power than Bonferroni-type procedures. Applications

of the Romano-Wolf procedure to experimental economics were demonstrated by

List et al. (2019).

Plans to conduct MHT should be taken into account when conducting ex ante
power analyses (Czibor et al., 2019). To adjust power analyses for MHT, researchers

can specify lower significance levels (α) for the planned hypothesis tests. Remember

that, by specifying lower α levels, the sample size required for a study to be

sufficiently powered will increase for all elements of the experiment. As previously

noted, larger sample sizes increase the cost of the study, highlighting what Czibor

et al. (2019) called the “hidden costs” of testing additional hypotheses related to

an outcome, treatment, or subgroup.
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4.3 Issue 3: Publication bias
Publication bias occurs when the statistical significance of results obtained in a study

determines how likely the research is to be published (Brodeur, Cook, & Heyes,

2020; Doucouliagos & Stanley, 2013). Researchers are generally aware of this bias,

and most have likely made some judgment calls in their own research regarding how

to respond and whether to frame papers strategically around statistically significant

results discovered when analyzing the data. The desire for statistically significant

results can tempt researchers to engage in unethical practices such as p-hacking,

prioritizing specifications that generate statistically significant results, and not

attempting to publish studies with null results (i.e., the file drawer problem). In a

review of 50,000 tests presented in studies in top economics journals, Brodeur,

L�e, Sangnier, and Zylberberg (2016) found strange patterns in the P value distribu-

tions around 0.05 and 0.10, suggesting that presence of practices such as p-hacking

and selecting specifications for statistical significance.

Publication bias is not perpetuated solely by editors and reviewers; researchers

and readers contribute to it as well. In general, researchers want to publish, review,

and read about new, exciting, statistically significant results in high-ranking aca-

demic journals. This desire creates little space for publishing null results and results

of replication studies. Thus, often these studies are never published or are published

in lower-ranked journals. Furthermore, researchers in many economic departments

and some top-ranked agricultural economics programs have been reluctant to publish

in lower-ranked journals because some misguided colleagues and department chairs

view it as a signal of a lower quality research program. Consequently, many papers

that could usefully inform policymaking and contribute to general academic knowl-

edge are stuck in desk drawers or buried on hard drives, eroding the quality of the

science. And since much of the research was funded by public agencies, it is unethi-

cal not to communicate those findings. The public deserves to have access to all of

the results of its scientific investments, assuming that the studies were well designed

and executed.

4.3.1 Best Practice F: Publish replication studies
Currently, the incentive to publish replication studies is small while the cost of

replication studies can be large (Coffman et al., 2017) so it can be difficult to find

published replication studies. Coffman et al. (2017) further point out that replication

attempts often are hidden in the original studies, in which replication served as the

baseline or was reported as a secondary result.

To provide a greater incentive to publish replications, scholars are calling on jour-

nals to publish the results of replication studies, create special replication sections,

and consider establishing new journals dedicated to replications (Coffman et al.,

2017; Czibor et al., 2019). Coffman et al. (2017) has further called on researchers

to cite replication attempts with citations to the original studies. In a world in which

citations signal research credibility and build scholars’ academic reputations, citing

replicative studies would provide a tangible payoff for researchers who attempt to
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replicate results presented in influential papers. Replicative studies would be easier

to find if journals explicitly published them as replications instead of requiring the

replications to be embedded in the original studies. Additionally, journals specializ-

ing in replications could encourage greater research transparency and accountability.

Scholars would know that their studies are likely to be replicated and that the rep-

lication attempts would be published and cited alongside the original studies. Other

novel ideas to enhance replication incentives are being discussed, including journal

editors commissioning replication studies with publication guaranteed subject to

peer review (Hamermesh, 2007) and having lead authors offer co-authorship to re-

searchers who replicate their studies before they publish their results (see Butera &

List, 2017).

4.3.2 Best Practice G: Publish null results from well-designed studies
Historically, researchers have been rewarded for statistically significant results (e.g.,

acceptance for publication) so they can be tempted to seek out and highlight statis-

tically significant results. As noted in the section on replicability, professional re-

wards for statistical significance create perverse incentives that can undermine the

scientific process when researchers use questionable practices, including overt

manipulation of results and more benign but still problematic practices that bias their

estimates. One research practice that is common but problematic is testing multiple

hypotheses but reporting only statistically significant results. Even well-meaning

researchers can fall into the trap of continuing to test hypotheses until they find

“interesting” (significant) results. However, those actions contribute to publication

bias because valuable information is withheld from the literature when researchers

do not report results that do not reject null hypotheses.

Null results from a properly designed study can convey critically important,

policy-relevant information about interventions and mechanism designs that likely

will not work in certain contexts (see Brown, Lambert, & Wojan, 2019 for a discus-

sion about statistical approaches for interpreting null results). As long as a study is

well-designed, it is important to communicate null results, even when they conflict

with results in the literature (or hopes of researchers and/or funders). Our scientific

knowledge base is not generated by individual papers; it is a product of the entire

literature built incrementally by individual papers. Publishing null results makes

the literature more complete and allows results to be synthesized through thoughtful

reviews and meta-analyses to identify robust findings that can inform the design of

improved policies and publicly financed programs in support of a variety of out-

comes, including improved agri-environmental performance.

When seeking to publish null results, a proper power analysis and pre-analysis

plan become particularly important. As part of the development of a power analysis,

we encourage researchers to identify the size of treatment effects that would be

“economically significant” to detect. By including this in the pre-analysis plan, it

makes the researchers’ assumptions known to the public prior to conducting the

study. In an agricultural context, for example, a 3% change in producer behavior

(e.g., participation in a BMP cost-share program) may not be economically
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significant if the program is costly and the policy change is burdensome to farmers

and program managers. However, a 3% change in producer behavior could be quite

economically significant if the treatment is relatively inexpensive and easy to imple-

ment, such as changes in the messenger or messages promoting enrollment in a pro-

gram. Once the researcher explains how the study had sufficient power to detect an

economically significant effect, it is easier to demonstrate the value of null results:

though researchers cannot rule out the possibility that a smaller statistically signif-

icant effect may be found in a sample large enough to detect it, they can argue that the

impact would be small enough to not be economically meaningful in a policy

context.

4.4 Issue 4: Participant recruitment
Studies based on revealed-preference experiments raise some unique issues related

to recruitment, including convenience and non-response biases. Convenience bias

arises from correlation between a recruited participant being eager or willing to

participate in an experiment and other characteristics, such as educational back-

ground. The effort required to participate in an experiment can result in selection

of a subset of the targeted group consisting of people who share certain unobserved

characteristics (e.g., strong interest in promotion of a certain policy, intense disdain

for pollution of the environment, a belief that the types of programs and regulations

in question need to be changed, a strong interest in agriculture and environmental

issues, even just a strong desire to support research) and exclusion of people who

share different characteristics (e.g., do not feel knowledgeable enough to contribute

to the research question, less inclined toward higher education). In addition, people

who decline the opportunity to participate in a lab experiment can differ systemat-

ically from people who choose to participate, the equivalent to non-response bias in

survey-based studies.

4.4.1 Best Practice H: Offer appropriate payments for participation
A fundamental principal in economic theory is that people can be motivated to exert

effort by financial and other types of incentives. Economic experiments generally

require subjects to complete tasks that are somewhat difficult cognitively (and

occasionally physically) and need them to invest sufficiently in the experiment to

provide thoughtful, truthful responses. To encourage people to participate in exper-

iments and take the experiments tasks seriously, researchers provide them with some

base compensation (a show-up fee) and an opportunity to increase their compen-

sation via their individual performance and/or their group’s performance of the task.

According to incentive theory, the amount of effort a person will invest in a difficult

task increases with the magnitude of the potential personal reward. Thus, the ques-

tion is how much a researcher needs to pay participants to ensure that they are mo-

tivated by the incentive offered in the experiment. That is, how salient is the

incentive to the participants?
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First, experiments and associated incentives must be salient enough to partici-

pants to override their other interests, such as trying to please the experiment admin-

istrator, boredom, and/or trying to outcompete other participants. These interests

represent a focus on “winning the experiment” rather than on revealing their true

valuations or maximizing their own payments regardless of what others earn. The

participants essentially ignore the fundamental financial incentive tested in the

experiment, jeopardizing the internal validity of the results.

As a rule, the greater the economic reward, the more attention to detail one can

expect from participants. By setting a marginal incentive such that participants gain

significantly more money from “optimal” and “near optimal” choices than from

random choices, researchers can expect that participants will dedicate greater

cognitive effort to determining the true optimal choice.

It is important to take participants’ opportunity costs in terms of time and

proximity to laboratory and field settings into account when establishing compensa-

tion. Generally, undergraduate students will invest significant effort for relatively

small rewards. In our experiments, we provide compensation to undergraduate

students in the United States of $15 per hour on average.14 Busy agricultural pro-

ducers in developed countries, however, require more-substantial compensation

for their time and inconvenience. In our experiments involving farmers, the compen-

sation typically is $50 to $100 per hour (sometimes more).

Experimental economists have long focused on the level of a reward required to

make it salient, but the academic literature suggests that the link between the level of

payment and the observed precision of behavior is less direct than previously thought

(Poe, 2016). For example, farmers can be motivated wholly or partly by the oppor-

tunity to participate when the subject of the experiment particularly interests them

(e.g., cost-share auctions, eliminating invasive species) or when they have personal

and/or altruistic desires to improve agri-environmental programs that affect them

and/or their peers.

4.4.2 Best Practice I: Successful recruitment of farmers and rural
landowners
Recruiting farmers and rural landowners as participants in experiments can be

particularly valuable when the target audience for the research is policymakers,

regulators, and program managers. Though these professionals often have graduate

degrees, they tend to have little training in economics and almost none have training

in experimental economics. Thus, when they learn that a study involves under-

graduate students as subjects, they are almost immediately concerned about the

external validity (generalizability) of the results (Levitt & List, 2009). Federal agri-

cultural policymakers in the United States, on the other hand, are supposed to give

greater weight to results of experiment-based economic studies that use farmers as

14Of course, in our experiments, a participant’s choices and the general design and outcome of the ex-

periment (through group behavior or random assignment) determines the actual payoff for the

participant.
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subjects since passage of the Evidence Act (Rosch et al., 2021). The appeal of recruit-

ing farmers and landowners to participate in experiments is obvious but numerous

recruitment challenges remain.

One of the most serious challenges for economic field experiments is limited

access to farmers. In the United States, agricultural producers have been declining

in number for decades, their average age has been increasing (meaning they could

be uncomfortable with the advanced computer equipment used in experiments),

and the number of farms operated by non-owners has been growing. So, at a time

when the number of “farmers” is decreasing, experiments designed to have signif-

icant statistical power are requiring larger samples in general and much larger sam-

ples when testing heterogeneous treatment effects, which appeal to policymakers and

funders interested in how farmer behavior differs across socio-economic character-

istics. In other words, to have sufficiently powered studies, researchers find it can be

prohibitively expensive in terms of time and funds to recruit the number of farmers

needed even for basic single-treatment experiments. A further complication is that

the most common methods of recruiting farmers, such as in-person at agricultural

trade shows and conventions and by mail, are likely to suffer from significant

self-selection.

Further complicating recruitment of farmers is the relatively small number of

them being recruited by a relatively large number of academic and government

research projects. There is growing demand for their time and attention, and multiple

competing research queries can reduce response rates as farmers begin to experience

research fatigue. McCarthy and Beckler (2000), for instance, found that concerns

about data privacy and time limits had significant impacts on whether farmers would

agree to participate in a research survey. Such research fatigue is evident in the rate of

responses to the annual Acreage and Production Survey conducted by USDA’s

National Agricultural Statistics Service. The survey is widely followed; it provides

key information on the planting intentions of farmers and provides data used to

estimate the U.S. crop supply, which is closely followed by financial markets, the

agricultural sector, and government agencies. Despite the importance of the survey,

response rates have fallen from 80% to 85% in the early 1990s to just 57% to 67% in

2016 (Johansson, Effland, & Coble, 2017).

A summary of recruiting strategies for large field experiments involving farmers

by Weigel et al. (2021) provided sobering results. They evaluated 10 strategies used

to recruit U.S. farmers for two large-scale field experiments that offered relatively

large financial incentives. Despite the numerous strategies tested, the recruitment

rates were quite low. Of 25,616 farmers contacted, the overall response rate for

the two participant pools collectively was just 2% (4% of the 9960 farmers in the

first experiment and just 0.7% of the 15,656 farmers in the second). The authors also

report that none of the farmers who were contacted by email responded and that the

response rate increased to only 2.4% when that group was excluded from the calcu-

lations. Their study showed that larger monetary incentives and sending messages

reminding farmers to participate were effective but expensive recruiting strategies.

Costless strategies, such as prominently citing a well-known institution as a sponsor

of the research, also had small positive effects on recruitment.
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The good news from Weigel et al. (2021) is that using the correct mix of

recruitment strategies can lead to substantial cost savings. They found, for example,

that the total cost of successfully recruiting a farmer using a mix of cost-effective

strategies was 31–32% lower than the total cost of the least successful strategies.

Thus, for a given population of farmers, the most cost-effective strategies recruited

133–208% more farmers as research participants than the least cost-effective

strategies. Also encouraging is their finding that several costless strategies such as

revised messaging increased rates of response relative to the status quo language.

To assist researchers in determining the best strategies for recruiting farmers,

Weigel et al. (2021) provide an Excel workbook as part of the paper’s supplemental

materials. Researchers can enter various key assumptions about the desired popula-

tion and sample size and compare the cost and efficacy of each recruitment approach.

The workbook can also be used to identify the potential cost-effectiveness of a

recruitment strategy.

In their closing, Weigel et al. (2021) noted that economic field experiments

involving U.S. farmers are likely to struggle to recruit adequate sample sizes, at least

in situations in which the recruitment solicitations come from academics. To im-

prove those response rates, they suggest embedding the experiments in new and

existing federal programs—in other words, by partnering and collaborating with

governmental and non-governmental agencies as described in Stage IV

experiments.

This approach is likely to be particularly effective since federal programs

generally reach far greater numbers of farmers, allowing experiments to generate

externally valid insights cost-effectively as long as the experiments use proper

methods (e.g., randomization) to establish meaningful comparison groups. However,

embedding research into agri-environmental programs requires a cooperative part-

nership with a governmental or non-governmental organization in which staff mem-

bers are truly interested in how to make their programs as effective as possible. These

partnerships can be difficult for relatively inexperienced researchers to develop since

they require a great deal of trust between the researcher and leaders of the

organization.

Given these recruitment challenges, researchers (and funders) likely will have to

change their expectations regarding recruiting farmer samples for experiments and

recognize that field experiments are likely to require larger monetary incentives and

greater effort to recruit adequate samples. For instance, to conduct a well-powered

experiment involving growers of a specific crop that could involve heterogeneous

treatment effects, researchers will need to collaborate with professionals who have

good relationships with producers across a broad region, such as extension specialists

and industry representatives.

4.5 Issue 5: Detecting heterogeneous treatment effects
Agricultural producers and rural landowners are diverse, as are their business struc-

tures, practices, household compositions, needs, and preferences. While measure-

ments of average treatment effects can be quite useful for assessing a program’s
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overall benefits, policymakers (and, frankly, reviewers and editors of academic

journals and research funders) are frequently interested in whether and how policy

effects are heterogeneous and whether there is variation across individual farmers.

For example, questions inevitably arise about how an agri-environmental policy

or program affects farms based on the farms’ sizes, corporate/family structures,

and whether they are owner-operated or rented. Identifying heterogeneous treatment

effects can be particularly important when modeling the impacts of policies on

specific sub-populations such as family farming operations, women landowners,

beginning farmers, owners of ecologically sensitive lands, and socially disadvan-

taged farmers.

When testing the effects of a potential program, researchers frequently use the

results of economic experiments to identify heterogeneous treatment effects in sub-

groups of targeted populations (Heckman & Vytlacil, 2001). Thus, participants in

laboratory and field experiments complete simple post-experiment surveys that col-

lect their demographic information. However, experimental economics has not

established any standards regarding which socio-demographic characteristics to

collect and which characteristics to compare in academic papers, creating two data

challenges. First, researchers do not always collect important demographic charac-

teristics as part of experiments. This is particularly true when pre-analysis plans do

not specify the characteristics to be analyzed. The second challenge is that

researchers do not always conduct statistical tests of interactions between the char-

acteristics for which they collect data and the treatment effects. Though this problem

can be a natural consequence of low-power studies, it limits subsequent researchers’

ability to draw broad conclusions from the literature. These missing-data problems

make it difficult, if not impossible, to infer how commonly heterogeneous treatment

effects are found in agri-environmental experiments. They also affect future research

because the lack of information makes it difficult for future researchers to identify

participant characteristics that are vital to collect.

Rosch et al. (2021) reviewed 83 economic experiments in which farmers,

landowners, fishers, and ranchers were recruited as participants to assess the

extent to which heterogeneous treatment effects were used in experiments related

to agricultural and natural resources. For each study, the authors recorded whether

tests of correlation between the treatment effects and demographic (or farm)

characteristics were reported and whether any reported correlations were statisti-

cally significant. They found that one-third of the papers did not include reports

of correlation. Of the two-thirds of the papers that reported at least one correla-

tion, a majority found that some of the correlations were statistically significant.

The characteristics most frequently tested—age, education, and gender—were

found to be correlated with treatment effects 55%, 52%, and 40% of the time,

respectively.

Rosch et al.’s (2021) review further notes that the study results likely mischar-

acterize the actual extent of the correlations. In general, experiments designed to

have enough statistical power to detect an average treatment effect are not adequately

powered to detect potential differential treatment effects for subgroups of a sample
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pool.15 In the review, they explain that the general intuition associated with this

problem is that the process of estimating treatment effects for multiple subgroups

decreases the size of the samples making up the subgroups, sometimes dramatically,

thereby reducing the statistical power of the analyses.

4.5.1 Best Practice J: Stratified and blocked randomized designs
Using stratification and block randomization in the experimental protocol can

mitigate heterogeneous treatment effects that otherwise would add variance to the

data and thus further reduce statistical power (Duflo, Glennerster, & Kremer,

2007). Rosch et al. (2021) note that:

While not all experiments designed to inform policymaking will need to consider

heterogeneous treatment effects, the growing demand for evidence-based policy-

making makes it likely that future policy-relevant experiments will be designed to

look for heterogeneous treatment effects. In those cases, we recommend that

researchers use stratified and/or blocked randomized designs with sufficient rep-

resentation in all strata to ensure adequate power for these tests. High powered

tests are essential. Under-powered studies could fail to identify heterogeneous

treatment effects, leading programs relying on the experimental results to fail

to address the needs of particular subsets of the population. (p. 10)

To better understand why detecting true treatment effects is especially important for

policymaking, consider an example stylized from Rosch et al. (2021) in which

researchers develop a field experiment to measure the extent to which subsidizing

the cost of various conservation practices affects farmers’ willingness to adopt the

practices and persist in using them. The researchers could hypothesize that inexpe-

rienced farmers would be more likely than experienced farmers to adopt a conser-

vation practice initially and then persist in using it in response to increases in the

proportion of the cost reimbursed by the program. In this case, two strata are needed

in the experiment design: inexperienced farmers and experienced farmers.

Next, consider the situation in which the standard deviation of responses to the

treatment by inexperienced farmers is twice the magnitude of the standard deviation

of responses by experienced farmers. In this case, to have equally powered samples

for treated and control participants in each stratum and reliably detect treatment

effects for the strata, the researchers must sample four times as many inexperienced

farmers as experienced farmers because the sample size must scale with the square of

the standard deviation.16

So, to identify differences between two strata, the experiment design requires

recruitment of significantly more participants than are required to test only the over-

all treatment effects. Returning to the first example, assume that the standardized

treatment effects are 1.5 for inexperienced farmers and 1.0 for experienced farmers.

15Brookes et al. (2004) provide a useful simulation and discussion of this problem.
16Athey and Imbens (2017) provide helpful examples and formulas that can be used to calculate the

power needed for various treatment effects.
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In this case, to pool the groups, the experiment must have sufficient power to identify

a treatment effect in the magnitude of 1.0 to 1.5. However, to detect differences in

treatment effects between the subgroups, the experiment must be sufficiently pow-

ered to detect a difference of just 0.5–less than half the magnitude required for the

pooled treatment effect. This extra dimensionality requires recruitment of four times

as many farmers!

It is important to take challenges arising from participant self-selection into ex-

periments into account. Self-selection can decrease the representativeness of subjects

in strata that are already under-represented; in an agricultural context, this could be

minority and women farmers. To achieve the needed statistical power for various

subgroups, recruitment efforts need to pay attention to those characteristics. Simply

adding subjects to a well-represented strata and thereby increasing the total number

of participants in the study generally will not fully compensate for the lack of sub-

jects in under-represented strata. At times, it will not be possible to recruit enough

participants from under-represented strata using conventional techniques.

So when a field experiment is sufficiently powered to test the effects of treat-

ments on the overall sample but not on subgroups, should researchers report sub-

group results at all? Some have advocated not reporting those results under any

circumstances, but we believe it is acceptable to report subgroup results as long

as the authors are clear about the lack of power in the design and that the results

should be seen more as suggestive than definitive. We recommend labeling these

types of results as suggestive even when statistical significance of the effects of

the treatments for subgroups appears to be quite large since small samples can yield

large measured treatment effects that are not robust to replication with larger

samples.

4.5.2 Best Practice K: Standardize collection and reporting of
demographic data
Rosch et al. (2021) recommend collecting a standard set of demographic and farm

characteristics in all experiments designed to inform agricultural and environmental

policies and testing them for correlation:

(1) Age

(2) Education

(3) Gender

(4) Land size

(5) Experience with farming/fishing/ranching

(6) Wealth

(7) Income

(8) Marital status

(9) Race/Ethnicity

(10) Health

Having a standard set of characteristics like this collected and tested in every exper-

iment would greatly expand the amount of available evidence that could be used for
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meta-analysis of correlations between treatment effects and the characteristics.

Inevitably, the list would be further refined for new studies and when considering

various policy contexts.

At times, of course, especially when working with administrative data, collecting

information on the entire set of characteristics will not be possible because of issues

such as privacy concerns and limited resources. However, we encourage economists

to collect information on as many of the characteristics as feasible and, in manu-

scripts, to note the rationale for selecting the characteristics reported in paper and

associated materials. Explaining the reason for omitting some characteristics would

also be valuable for subsequent investigations.

4.6 Recommendations for researchers, editors, reviewers, funding
agencies, and partner organizations
Based on the preceding discussion, in Table 3 we offer 12 recommendations that

summarize our advice for researchers, editors, reviewers, funding agencies, and

partner organizations.

5 Research ethics and community engagement
As researchers we need to be constantly aware that the issues we study deal either

directly or indirectly with people’s livelihoods and well-being. We cannot take

this responsibility lightly.

Prokopy (2008), on collaborative natural resource management research

5.1 Research ethics and policy-focused research
As applied economists, we often ask stakeholder-driven questions that have impor-

tant implications for the livelihoods of the people involved. Therefore, we have a

responsibility to think carefully about our conduct as researchers and ensure that

we are ethical in how we choose research ideas and design, implement, analyze,

and disseminate research (Josephson & Michler, 2018; Michler, Masters, &

Josephson, 2021). Scrutiny of the credibility of economics and replicability of

research in the social sciences, including in agricultural and applied economics

(Lybbert & Buccola, 2021), reinforces the need for experimental economists to

strengthen our commitment to making ethical decisions in our research activities.

Though we spend years learning about microeconomic principles and econo-

metric methods, we rarely receive formal training in research ethics and few papers

have provided guidance on the topic. However, ethical concerns are receiving ever

greater attention, including a special issue on ethics topics in Applied Economic
Perspectives and Policy (2021).

43855 Research ethics and community engagement



Table 3 Twelve recommendations for producing high-quality behavioral and experimental agri-environmental research.

Recommendations for Researchers

1. Spend sufficient time
planning new experiments

2. Use conservative
assumptions in experimental
design

3. Be thoughtful in how you recruit participants
and engage with agricultural stakeholders

4. Report results
responsibly

a. Conduct a power
analysis to inform the
sample size

b. Write a pre-
analysis plan

c. Pre-register
experiments

d. Plan ahead to consider
heterogeneous
treatment effects
i. Use a stratified and/or

block randomized
design

ii. Collect data on a
standardized set of
participant
demographics and
characteristics

a. Design experiments to
detect effect sizes that
are smaller than you
expect

b. Simplify experimental
designs, when possible

a. Appropriately compensate participants
b. Build relationships with stakeholders and

community partners that can assist with
participant recruitment

c. Respect the knowledge and perspectives
agricultural stakeholders bring to the table
as research participants

d. Avoid deception in experiments,
especially when it can damage
relationships with the communities you
sample from

a. Be transparent when
reporting results
i. Report all results

outlined in the pre-
analysis plan—even
null results

ii. Indicate which
reported results
came from
exploratory analysis

b. Account for multiple
hypothesis testing

c. Report standardized
effect sizes

d. Publish experiment
instructions, data, and
code alongside the
paper

Recommendations for Editors and Reviewers

5. Place higher emphasis on the quality of the
research design and importance of research
questions

6. Avoid putting undue emphasis on
statistical significance—null findings are
also valuable

7. Encourage
replication
papers

8. Require researchers to
publish data and code with
their papers

Recommendations for Funding Agencies

9. Require power analyses and pre-
analysis plans

10. Have realistic expectations about what can be accomplished within budget limitations, especially
regarding testing of multiple hypothesis or sub-group analysis

Recommendations for Partner Organizations

11. Appreciate the value of results from a well-designed experiment to
improve program performance and to help justify continued support
for a successful program

12. Work with researchers to embed experiments in programs,
especially during the launch of a new program or a major program
revision



Much of the research on ethical issues in applied economics has focused on con-

siderations related either to (1) working with human subjects in terms of actions

overseen by Institutional Review Boards (IRBs) or (2) research design and analysis

in terms of replicability, transparency, and use of questionable practices such as

p-hacking (Lybbert & Buccola, 2021). While these are incredibly important topics,

we believe that concern about conducting ethical research should start much earlier

than collecting and analyzing data and stretch well beyond communicating research

findings. Michler et al. (2021) made a similar point in their rich overview of ethical

issues related to generation of new research ideas. Furthermore, Josephson and

Michler (2018) highlighted additional ethical issues related to media attention,

Josephson and Smale (2021) discussed practices for obtaining informed consent,

and Barrett and Carter (2020) describe ethical issues related to RCTs.

We believe that additional ethical questions must be considered when conducting

economic field experiments related to agricultural producers’ livelihoods and that

researchers’ actions can either plant seeds for future researchers or limit future

opportunities by damaging relationships. These considerations are especially impor-

tant when working in close-knit agricultural communities and designing incentives

to motivate participants to change how they manage their land.

In Section 4 (Issue 1), we discussed ethical issues related to replicability, so we do

not rehash those challenges now. Instead, we turn to ethical topics that have received

less attention in the literature, focusing on researchers’ interactions with participants

and the communities in which they live and work.

We first review basic guidelines set forth for working with human subjects and

highlight how current processes can fail to recognize the full suite of ethical research

considerations. More than 30 years ago, in its 1978 Belmont Report, the National

Commission for the Protection of Human Subjects of Biomedical and Behavioral

Research (1979) defined three guiding principles for protecting human research

subjects—respect for individuals, beneficence, and justice—and noted that re-

searchers can apply the principles using three concrete actions: obtaining informed

consent, assessing the scope of risks and benefits to participants, and selecting sub-

jects fairly. The World Bank’s Development Impact Evaluation (DIME) group

(2020) listed four related components of research ethics: protecting human subjects,

informed consent, confidentiality, and ethics approvals.

Economists are accustomed to considering these aspects of research and obtain-

ing approval to work with human subjects. At universities and other institutions in

Western countries, the process is managed by IRBs and Research Ethics Boards

(REBs).17 Researchers sometimes have been tempted to regard the process of obtain-

ing IRB approval as a time-consuming headache that brings little to the quality of the

research. However, we view the approval as a critical element of the research process

17Josephson and Michler (2018) highlight that, though review boards oversee human subjects for re-

search conducted by Western universities and institutions, research conducted outside of those regions

often is subject to limited oversight regarding treatment of human subjects. For example, they note that

only 8 of the 15 CGIAR centers require approval from an ethical review board.
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since IRBs review, approve, and monitor studies to ensure that the rights of people

participating in them are protected during all stages of the research.

IRB oversight is limited, however, to specific topics and cannot prevent poor

research practices or unethical behavior such as use of misleading data collection

methods (Josephson & Michler, 2018) and misrepresenting results. Furthermore,

IRB applications are sometimes submitted shortly before the experiment is to be con-

ducted, and approval (or disapproval) is decided ex ante (Barrett & Carter, 2020).

The process relies on researchers updating the review board regarding new protocols

when the submitted design is modified, but there are few negative or positive incen-

tives to do so.

It is important to note that experimental economists rarely have significant IRB

issues for experiments conducted in traditional laboratory settings (Stages IA and

IB). Traditions of voluntary recruitment of participants, paying participants

“show-up” fees and additional payments based on the explicit rules of the experi-

ment, and lack of deception all make approval of laboratory experiments relatively

easy to obtain in traditional IRB reviews.18 However, ethical considerations do not

end with an IRB approval. In fact, university IRB reviews do not cover many of the

ethical concerns we view as most important.

Another challenge is that researchers cannot always fully anticipate ethical issues

before a project begins. For example, they sometimes discover how contentious a

topic is only after working closely with the community and could not fully inform

the IRB regarding the relative risks and benefits for participants prior to conducting

the research (Prokopy, 2008).

Agricultural and applied economics researchers such as Josephson and Michler

(2018) have contemplated ways for the discipline to take ethical considerations more

seriously. They recommend that journals require authors to submit the ethics

approvals with their papers. And though Josephson and Michler (2018) do not ex-

plicitly state that the approved protocols must match the protocol used in the study,

one can imagine that could be a criterion for publication.

The potential presence of deception in economic experiments is an ethical issue

that agricultural and applied economics researchers must carefully consider when

planning research. To be clear, deception is generally discouraged in economics,

and some journals refuse to publish studies that used deception. Often in economics,

the discussion is not whether or not deception should be acceptable, but instead re-

volves around agreeing on the definition of what is deception. Among experimental

18An IRB’s definition of deception often is different than the definition typically accepted in the ex-

perimental economics community. IRBs may raise concerns about deception if a researcher does not

provide participants with full information, including information about the different treatments being

tested. This type of information omission is typically not considered deception by experimental econ-

omists, which defines deception as an act that actively misleads participants by providing false infor-

mation or implying something that is not true (Cason &Wu, 2019). Researchers may need to include in

their IRB protocols additional justification about certain features of an experiment and their potential

impacts on the wellbeing of human subjects.
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economists, deception is typically defined as “a situation where subjects are actively
misled by the experimenter rather than a situation where subjects are only provided

with incomplete information,” (Cason &Wu, 2019, p. 755). Misleading participants

could involve providing false information or implying something that is not true

about any element of the experiment. For example, providing false information about

the decisions of other participants or misleading participants about the underlying

payoff structures in the experiment would both be blatant forms of deception. On

the other hand, omitting information about all of the treatments being tested in a

study is generally not considered deceptive.

We emphasize two issues related to using deception that are concerning for eco-

nomic experiments in general and particularly so for experiments that aim to inform

policy and research involving nonstudent participants. First, deception in an exper-

iment can reduce experimental control and reduce the internal and external validity

of a study by introducing confounding factors and leading to selection bias (Cason &

Wu, 2019). Second, deception can erode trust in researcher within a potential partic-

ipant pool and reduce participation in future studies. This concern is particularly

relevant for experiments on agri-environmental issues, which rely on participation

by farmers and landowner from typically small, tightknit agricultural communities.

Damaging relationships with members of these communities generates external costs

on other researchers and on society if future research opportunities are jeopardized.

To avoid these detrimental research outcomes, we discourage the use of deception in

economic experiments, and we direct researchers to Cason andWu (2019) for a more

in-depth analysis of the role of deception in agricultural and applied economics.

Ethical challenges are more pronounced when experiments involve landowners

and producers as participants (Stages II, III, and IV). While their participation is

voluntary, the experiments and results can have dramatic implications by affecting

their time and finances and modifying programs and policies that affect them regard-

less of the intent of the researcher. These concerns are particularly resonant for Stage

IV RCTs in which agricultural land managers may be affected by the treatments

being tested within a program or policy setting. Discussions about ethical concerns

related to medical RCTs have been ongoing, but these conversations have lagged in

fields that use RCTs to evaluate public policy interventions (MacKay, 2018). In her

discussion of the ethics of RCTs in political science, Phillips (2021, p. 279) notes that

“At this point, there seems to be no common terminology or taxonomy in discussions

about the ethical issues associated with field experiments.” She proceeds to present a

taxonomy that includes six commonly cited factors that must be considered when

assessing the ethics of social science RCTs: harms, benefits, risk/benefit ratio, auton-

omy, partnerships, and professionalism. Economists are also engaging in the conver-

sation about ethics related to experiments and RCTs in particular (Abramowicz &

Szafarz, 2020); however, much more discussion is needed to fully consider the eth-

ical implications of our work and to establish robust professional norms that respect

and protect the communities that we study.

Researchers in general and relatively inexperienced researchers in particular ben-

efit from planning studies with the trajectory of the discipline in mind in terms of
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advancements in rigorous research methods and other research best practices. Spend-

ing time considering and documenting ethical considerations and actions that uphold

high ethical standards will be time well spent—both for experiment participants and

for subsequent researchers.

5.2 Considerations when working in agricultural communities
Obviously, ethical considerations are easier to manage when conducting experiments

in a laboratory with student subjects (Stages IA and IB). The decisions students make

in the experiments do not have direct impacts on their livelihoods. Nor do the exper-

iments ask them to disclose critical private information about their finances and

profits. Furthermore, faculty members and students are accustomed to engaging

one another daily. Students can be easily and inexpensively recruited and incentiv-

ized and generally consider their participation as a task by which they earn extra

money rather than as affecting public policies.

Experiments involving stakeholder participants (Stages II, III, and IV) are inher-

entlymore complex and require additional time and effort. First, researchers oftenmust

build relationships with key members of the community. Without relationships, agri-

cultural producers generally will not be willing to participate in open, frank discussions

about challenges they face. Strong relationships also provide sounding boards regard-

ing how to approach producers and design incentives and experiments. Sometimes the

conversations are humbling as stakeholders provide researchers with reality checks

about their plans, requiring them to re-evaluate portions of proposed projects. Overall,

the conversations are insightful and rewarding and improve the resulting research.

Building the necessary relationships takes considerable time. Researchers must

first determine who to engage and how. And researchers must make time to maintain

those relationships once initiated and seek to ensure that their research provides partner

organizations with meaningful value-added information. Researchers at land-grant

universities benefit from their ability to work with extension-focused colleagues

and Cooperative Extension county agents. Extension faculty and staff members typ-

ically have established relationships in agricultural communities and can introduce

researchers to leaders and other influential members who are “gatekeepers” within

the community. In fact, Herberich, Levitt, and List (2009) suggested that connections

with extension programs provide agricultural economists with a comparative advan-

tage in conducting field experiments. Still, it is critical to respect Extension staff mem-

bers and their relationships with and responsibilities to their clients. Sadly, some

Extension faculty and staff members can point to examples of unproductive and even

damaging project outcomes, usually because of a rush to “get things done.” With time

and respect, collaborations can be fruitful between researchers who do not have exten-

sion appointments and colleagues working within Cooperative Extension programs.

Whenever researchers engage with communities and especially when they

engage with the tight-knit communities that often characterize rural communities,

there are additional concerns related to building trust and strong foundations for

long-lasting, mutually-beneficial relationships. As researchers, it can be easy to

wade so deep into the small details of a research study that we forget to consider
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how our decisions affect the experiences of our participants. We can also fail to rec-

ognize a simple reality that many people are unfamiliar with the research process,

and unfamiliarity can raise concerns that researchers may need to address. Indeed,

we have encountered participants who express their skepticism about elements of

a research study. Additionally, participating in research takes time and often partic-

ipants engage with researchers in the hopes of learning something. Therefore, when

researchers fail to connect with the community to share their results, participants can

feel like their efforts were wasted. Further complicating the matter is that the partic-

ipants may expect definitive results to be delivered back to them in a much quicker

timetable than occurs with most economics research. Negative experiences partici-

pating in research can damage relationships between researchers and members of the

community and can limit the ability of subsequent researchers to recruit participants

and conduct robust experimental studies. Researchers should be sensitive to these

potential challenges and exert effort to conducting research in a way that creates trust

and mutual respect between scientists and members of the community.

6 Conclusion and framework for prioritizing research
projects
Agri-environmental programs and policies aim to improve the sustainability of

agricultural landscapes by mitigating externalities, enhancing provision of public

goods, and improving management of common pool resources. Though experimen-

tal and behavioral economics tools have been applied broadly to environmental is-

sues such as energy consumption, application of those tools to agri-environmental

issues has lagged. The intersection of agriculture and the environment is ripe with

questions for which behavioral and experimental economics tools are well-suited.

But what kind of questions and projects should researchers tackle?

To prioritize behavioral and experimental agri-environmental research, we

recommend weighing four factors: (1) the monetary and time costs of conducting

a well-designed, sufficiently powered experiment to test an intervention; (2) the

expected social net benefit of the intervention being tested; (3) the degree of uncer-

tainty regarding the expected net benefit of the intervention; and (4) the expected

benefit to the researchers in terms of their careers. Low-hanging research fruit exists

when study costs are low, the expected social net benefit of the intervention is large,

the research appears to be promising for professional growth and academic promo-

tion, and enough uncertainty about the intervention’s benefits remains to warrant

additional research. Costly studies of interventions that potentially offer significant

social benefits should also be a high priority. Conversely, costly studies of interven-

tions that are not expected to be strongly beneficial are not good candidates, and

researchers can make wise use of project funds by analyzing interventions that have

a greater potential net benefit to society.

Experiments are costly to conduct, particularly in the field with farmers and rural

landowners. Some laboratory experiments with student subjects can be conducted for

less than $5000 (not including the cost of the researchers’ time) while the direct cost
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of a field experiment involving farmers can quickly exceed $50,000, $100,000, or
more depending on scale and scope.

What if you do not have the budget to run a planned experiment with sufficient

power? Is it not worth doing? We understand this common frustration. It can be

tempting to say “It’s okay—we’ll still learn a lot from this project. Let’s run the un-

derpowered design anyway and be transparent about its limitations.” In fact, we both

have been in this very situation in the past and made the same proclamations. There-

fore, it is with humility that we encourage researchers to be more rigorous when

deciding how to approach these cases. Transparency is excellent but will not prevent

the statistical errors discussed in Section 4 (Issue 2). Your budget can potentially

permit a simpler experiment involving fewer treatments. Alternatively, you some-

times can test your ideas in the laboratory or via a framed field experiment. Deviating

from the initial plan is frustrating but not as frustrating as spending thousands (or

hundreds of thousands) running an underpowered study that yields results that are

too weak to be useful.

Time costs are another important consideration, and include time required to

build necessary relationships with other researchers and stakeholders in the commu-

nity, obtain funding, plan and design the experiment, implement the experiment, an-

alyze data, communicate findings, and shepherd your paper through the peer-review

process until it finds its forever home. It is common to underestimate the amount of

time required for a particular project, so a conservative approach is to double or triple

your initial estimates, particularly if you have less experience or perpetually under-

estimate the amount of time required to accomplish tasks (like we almost always do).

Time constraints are especially important considerations for relatively inexperienced

researchers simultaneously pursuing graduate degrees or endeavoring to obtain

tenure or similar promotions, processes that involve separate, strict schedules.

Additionally, a grant deadline imposes a ticking clock regardless of the researchers’

experience.

Expansive studies typically require large, multi-collaborator and even multi-

institutional grants, and the proposals for such grants typically require considerable

time and effort to build needed collaborations, develop strong ideas for the proposal,

construct proposal narratives, create the supporting documentation, develop budgets,

and work with the institution to obtain all necessary approvals. The process of build-

ing collegial relationships and thinking critically about new research ideas is reward-

ing, and the seeds you sow in that process can lead to bountiful harvests in the future.

However, do not ignore the trade-offs involved. The time dedicated just to the pro-

posal is time that can be spent conducting research, writing papers, preparing classes,

and advising students. While we certainly encourage junior faculty members to par-

ticipate in these large efforts, we caution them against being the principal investiga-

tor since the administrative burdens associated with accounting and reporting for

these grants usually are intensive.

The researcher must also consider how the project will support their short- and

long-term career goals. We urge researchers to consider the expectations of their

current employer as well as the broader profession. Keeping in mind the expectations

of the broader profession and trying to achieve them, enables the researcher to be in a
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stronger position to change employers, if needed. This can be particularly important

for a researcher’s sense of professional satisfaction as it can avoid a researcher being

‘stuck’ at a university and feeling like they have few, if any alternatives.

To assist researchers in prioritizing projects, Fig. 2 presents a framework we have

found useful when prioritizing our efforts and considering whether to pursue a new

project.

There is an ongoing need for experimental and behavioral economics research to

improve our understanding of decision-making at the nexus of agriculture and the

environment. We hope this chapter motivates additional research in this area and

provides researchers with the insights, recommendations, tools, and resources needed

to conduct high-quality economic experiments that inform agri-environmental

programs and policies.
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