
Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=rnzp20

New Zealand Economic Papers

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/rnzp20

How behavioural and experimental economics
can contribute to agricultural policy with an
application to agri-emissions pricing

Zack Dorner

To cite this article: Zack Dorner (2023) How behavioural and experimental economics can
contribute to agricultural policy with an application to agri-emissions pricing, New Zealand
Economic Papers, 57:2, 191-197, DOI: 10.1080/00779954.2022.2154252

To link to this article:  https://doi.org/10.1080/00779954.2022.2154252

Published online: 16 Dec 2022.

Submit your article to this journal 

Article views: 144

View related articles 

View Crossmark data

Citing articles: 1 View citing articles 

https://www.tandfonline.com/action/journalInformation?journalCode=rnzp20
https://www.tandfonline.com/journals/rnzp20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/00779954.2022.2154252
https://doi.org/10.1080/00779954.2022.2154252
https://www.tandfonline.com/action/authorSubmission?journalCode=rnzp20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=rnzp20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/00779954.2022.2154252?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/00779954.2022.2154252?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/00779954.2022.2154252&domain=pdf&date_stamp=16 Dec 2022
http://crossmark.crossref.org/dialog/?doi=10.1080/00779954.2022.2154252&domain=pdf&date_stamp=16 Dec 2022
https://www.tandfonline.com/doi/citedby/10.1080/00779954.2022.2154252?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/00779954.2022.2154252?src=pdf


NEW ZEALAND ECONOMIC PAPERS
2023, VOL. 57, NO. 2, 191–197
https://doi.org/10.1080/00779954.2022.2154252
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agricultural policy with an application to agri-emissions pricing

Zack Dorner

Waikato Management School, University of Waikato, Hamilton, New Zealand

ABSTRACT
In this paper, I discuss the role that behavioural and experimental eco-
nomics canplay in improving agricultural policymaking. I do soby consider-
ing the development of an agri-emissions pricing policy inNZ. International
literature shows that profit, as well as a range of other factors such as
social norms and identity, drive farmerbehaviour. This is particularly true for
adoptionof sustainable technologies andpractices. Abetter understanding
of farmer behaviour provides potential for: (1) an increased understanding
of the uncertainty around policy modelling; (2) an increase in the accuracy
of policy modelling, particularly when emission prices are low; (3) potential
for new policy tools. Experimental economics provides a powerful method-
ology to build behavioural understanding and test policy tools. I argue that
a behavioural economics perspective can contribute to agricultural pol-
icy, but add a note of caution that the gains to modelling accuracy and
improved policy design are not guaranteed.
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Introduction

Behavioural and experimental economics have providedmyriad new insights into individual decision
making, helping to develop theory and enhance policy design (Chetty, 2015; Harrison & List, 2004).
This statement is true for many different areas, including farmer behaviour. One area of increas-
ing focus is sustainable practice adoption. For example, policymakers and researchers in Europe
have recognised the untapped potential for behavioural interventions to enable a more sustainable
agricultural sector (Dessart, Barreiro-Hurlé, & van Bavel, 2019). In this paper, I review the develop-
ment of agri-emissions pricing policy in New Zealand and consider what insights behavioural and
experimental economics could provide. From this example, I draw more general lessons.

At a high level, behavioural economics is a branch of economics that seeks to develop neo-
classical economic models of human behaviour, using psychological insights and empirical evidence.
In policy-making, behavioural economics can increase the accuracy of policy modelling, as well as
increasing the available policy tools (Chetty, 2015).

Both building better models and utilising new policy tools is useful for agricultural policy. Indeed,
farmer decision making is known to have a strong behavioural element. Farms tend to be small busi-
nesses dealing with high levels of production and market uncertainty, meaning profit maximisation
is not always easy, nor is it the only goal of farming. Farmers may wish to be seen to be good farmers,
productive farmers and/or sustainable farmers (Dessart et al., 2019).

Experimental economics is a methodological approach to testing theory and estimating empirical
parameters, such as risk aversion or willingness to pay. The emphasis is on controlled experiments,
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whereby treatment assignment is exogenously randomised (Harrison & List, 2004). Thus, experi-
mental economics is a key research method for behavioural economics, but it is also utilised within a
neo-classical approach.

Experimental economics has been vital for understanding when behavioural factors are present
and economically significant in a decision making context. An interesting contrast is the compari-
son between the potential predictability of behavioural elements of decisions making emphasised in
papers like Chetty (2015), and the unpredictability of human behaviour, based on context, empha-
sised by many behaviour change experts (Dewies, Denktaş, Giel, Noordzij, & Merkelbach, 2022).
Either way, field experiments in particular provide a means of credibly identifying whether a policy
intervention will work as predicted (Dewies et al., 2022; Harrison & List, 2004).

There are many international examples where behavioural and experimental insights have con-
tributed to agricultural policy. In highly subsidised agricultural sectors of Europe andNorthAmerica,
this contribution focuses on optimising how policy can achieve the desired outcomes. Indeed, there
is increasing interest in how these methods can and do contribute to the design and evaluation of the
Common Agriculture Policy (CAP) in Europe, from supporting productivity to sustainable practice
adoption (Thoyer&Préget, 2019). Such evaluation can include everything fromhow subsidy schemes
are designed, to low cost adjustments to communication strategies about policies. In the latter case,
Czap, Czap, Banerjee, and Burbach (2019) shows in the United States of America the importance of
both sending a letter to inform farmers about a conservation subsidy scheme, and how that letter is
written. Chabé-Ferret, Le Coent, Reynaud, Subervie, and Lepercq (2019) find in a field experiment
in France that information about other farmer’s irrigation usage increases low users’ irrigation usage,
and decreases high users (convergence to a social norm).

In low- andmiddle-income countries, themethods have additionally been applied to areas such as
the adoption of practices to increase yields and crop insurance. Duflo, Kremer and Robinson (2011)
find in a field experiment that a nudge is the most efficient policy to increase fertiliser use in Kenya,
compared with subsidy or liberalisation policies. Ali et al. (2021) show in a field experiment in Ghana
how an understanding of risk preferences and liquidity constraints is helpful for increasing uptake of
crop insurance.

Agri-emissions pricing policy development in New Zealand

In 2020, the government established a collaborative policy-making group to help them develop an
emissions pricing scheme for agriculture. The group, known as HeWaka Eke Noa (loosely translated
as ‘we’re all in this together’) consists of industry and Iwi/Māori representatives, as well as govern-
ment. Their brief was to develop an agri-emissions pricing scheme that will come into force in 2025,
alongside any required technical developments such as a farm-level emissions calculator. The gov-
ernment adopted the basic set up of He Waka Eke Noa’s proposal and requested public feedback in
October 2022 (Ministry for the Environment (MfE) &Ministry for Primary Industries (MPI), 2022).

The proposed scheme would see farmers charged a small levy on every kilogram of greenhouse
gas (GHG) they emit (perhaps initially around 5% of the price of emissions for all other sectors under
the Emissions Trading Scheme). The revenue for this levy would be earmarked for administering the
scheme and funding discounts on the levy bill to incentivise uptake of specific on farm mitigation
measures. The focus of the policy development process has been on creating a pricing scheme that
would cost effectively achieve the policy goals. These include mitigating emissions, as well as equity
and maintaining the sector’s export competitiveness (MfE & MPI, 2022).

The potential role for behavioural insights

Let us consider modelling the first few years of the policy, 2025–2030. The government has a target
for methane emissions of 10% below 2017 levels by 2030. Methane is the main GHG from agriculture
and agriculture is the main source of methane in NZ (MfE & MPI, 2022).
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Figure 1. Estimating marginal abatement cost curves (MACCs) for agricultural emission reductions in 2030, considering constant
uncertainty (a), and potential increased mitigation at each emission price, after accounting for behavioural interventions (b).

Suppose we wish to know the price of the emissions levy that will achieve the 2030 target for
methane. To do so, wemustmodel themarginal abatement costs for the agricultural sector. Of course,
the government should alsowant to know the uncertainty around achieving the target at the estimated
price.

I depict this in Figure 1(a). Let Q∗ be themitigation target, shown on the x-axis. Note that Q∗ is rel-
atively low in the following sense. Around half of themethanemitigation target will likely be achieved
by mitigation in the waste sector (the other major source of methane emissions) and by policies such
as the NZ Emissions Trading Scheme, which incentivises the planting of trees. These trees tend to dis-
place sheep and beef farms, thus reducing some of themethane emissions from agriculture (HeWaka
Eke Noa,
2022).

Thus, price T∗ in Figure 1(a) is also relatively low, and hence relatively low on the estimated
marginal abatement cost curve (MACCE). The MACCE is upward sloping at an increasing rate, as
initial mitigation tends to be low cost relative to deep cuts in emissions.

Assuming roughly constant uncertainty around the MACCE in terms of absolute cost, we can see
that predicted emissions reductions from a low price T∗ has a higher level of uncertainty than it would
at a higher T. Depicted in the figure is uncertainty around the MACCE meaning mitigation may be
between QL and QH, a wide range. The lower-bound uncertainty curve is depicted as initially having
negative cost; it is indeed possible that initial mitigation by 2030 will increase profitability (Cortés
Acosta et al., 2019).

What light does behavioural economics shed on this uncertainty? Potentially, it increases the
uncertainty, at least until we have better behavioural models of farmers. There are many behavioural
reasons why farmers may not have yet adopted no cost or negative cost mitigation measures (Cortés
Acosta et al., 2019). Hence, there is a lot of scope for initial ‘behavioural’ mitigation by 2030, but it is
hard to predict to what extent this will be realised.

I depict this additional uncertainty in Figure 1(b) by adding a MACCB that may be available after
implementing successful behavioural interventions. If we have a similar band of uncertainty around
a MACCB as the MACCE has in Figure 1(a), then we can see there will be a larger zone of uncer-
tainty around what mitigation will be achieved. Indeed, if we employ both behavioural and pricing
interventions, the area of uncertainty may be even larger as we may not be sure if pricing interven-
tions are complementary or could in fact crowd each other out (Knook, Dorner, & Stahlmann-Brown,
2022). Assuming the interventions are complementary, as depicted in Figure 1(b), now price T∗ could
provide level QHB ofmitigation. Alternatively, target Q∗ could be reachedwith a lower emission price.
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Has the agri-emissions policy development process taken advantage of behavioural and
experimental insights?

First, according to MfE and MPI (2022), He Waka Eke Noa is working on a wider behaviour-change
framework. However, this piece of work is notmentioned in themajormilestones, and an overall look
at their work so far suggests insights from behavioural and experimental economics has not been a
major focus. They did commission the report by Hungerford (2022), which is a literature review into
farmer behavioural responses to prices. It recommendswider programme of support around a pricing
policy, to enable heterogeneous farmers, including Māori, to adapt to the pricing policy.

From an outside perspective it is difficult to say how much traction behavioural perspectives have
had within He Waka Eke Noa so far. But, a behavioural economics perspective does not seem to
feature heavily in the current proposed policy. If there is some truth in Figure 1(b), it suggests there
may have been a lost opportunity within the current policy. This is not to take away from the other
perspectives that have and should be considered, such as a focus on extension (Hungerford, 2022) or
a Mātauranga Māori view (eg. Hutchings et al., 2017).

In terms of policy modelling, there have been twomain pieces of work supporting policy develop-
ment. First, Denne (2022) estimatedmitigation under different prices and policy scenarios to support
the HeWaka Eke Noa process. The modelling included behavioural factors such as adoption curves.
Second, Greenhalgh and Djanibekov (2022) use the NZFARM model to support the government’s
policy development process, again by modelling different prices and policy scenarios.

Both these modelling exercises could potentially be enhanced by a deeper consideration of
behavioural aspects of on farm behaviour change. An agent-based modelling approach could be one
area for further exploration (eg. Huber, Xiong, Keller, & Finger, 2022), but theremay be ways to tweak
existing models too. An ultimate goal would be for the models to be more accurate after some invest-
ment in their development; however, it is unclear at this stage the extent to which such an investment
would pay off in reduced modelling uncertainty. Either way, the additional uncertainty behavioural
responses to a pricing policy pose, particularly at lower prices, could bemore explicitly acknowledged
and considered.

Indeed, there is the additionalmatter of complementary behavioural interventions, and their inter-
action with a pricing policy. There is evidence from lifestyle farmers (ie. non-commercial) that they
could be susceptible to negative behavioural spillovers, where behavioural interventions undermine a
price-based intervention (Knook et al., 2022). Indeed, it is an open question as to the extent to which
behavioural interventions might result in meaningful emission reductions. But, if they do, they lower
the price required to meet a emission reduction target, Q∗, as depicted in Figure 1(b).

Untapped potential?

There are behavioural policy tools that are somewhat developed and ready to be considered as part of
a policy mix, and ones with potential but requiring further research. In either case, a detailed look at
the literature is required. Such investigation is required in order to understand existing evidence on
behavioural drivers, and to uncover what are essentially more novel, non-traditional policy options.
I take just a brief look at what insights are on offer from a growing literature on behavioural factors
in sustainable farming practice adoption.

Dessart et al. (2019) provide a comprehensive overview of behavioural factors influencing farmer
adoption of sustainable farming practices. They summarise them (in order of proximal to distal) as
cognitive (eg. perceived costs/benefits, perceived control), social (eg. social norms) and dispositional
(eg. personality and moral environmental concern).

In terms targeting cognitive behavioural factors, there are some low risk and ostensibly sensible
policy tools. It highlights the importance of good quality, user-friendly information about mitigation
options, perhaps demonstrating the benefits beyond just the pricing policy incentives. The impor-
tance of famers being given the tools tomeasure andmanage their own farm’s emissions is highlighted
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by the perceived control aspect of cognitive factors. Towards the more potentially controversial end,
something like loss aversion framing around incentivised mitigation technologies could be consid-
ered. This could take the form of highlighting to farmers the payments they are missing out on if they
do not adopt the particular technology. Indeed, this idea of ‘framing’ of information in specific ways
could be considered more generally within the communication strategy around policies.

Social norms have been shown many times to be a powerful driver of behaviour, including for
sustainable farming practice adoption (Chabé-Ferret et al., 2019; Dessart et al., 2019). The role of
farming leaders and networks should be considered. There is also potential for interventions such as
social norm framing of information about new practices and technologies.

Dispositional factors may be getting more into the realm of risky policy tools, which require more
research before they are ready even to be trialled in the field by policymakers. They include proposals
such as having a mix of policy tools, targeting different segments within the natural heterogeneity of
viewpoints, values and attitudes of farmers (Dessart et al., 2019). Such a policy mix is itself compli-
cated to develop, and there may be a risk of backlash among farmers if this is perceived as particularly
manipulative, which could undermine the tools themselves. Hence, a cautious approach is required.

As previouslymentioned, experiments are an importantmeans of empirically testing and verifying
behavioural policy intervention. Examples of field experiments in agriculture in developed country
contexts are relatively rare, presumably due at least in part to the cost of running such experiments
and the need for willing partners in government and/or industry. Czap et al. (2019) and Chabé-Ferret
et al. (2019) are two examples, where the interventions tested had mixed success (see introduction).
However, they did provide lessons to take forward for future research and policy design.

There are risks involved in running experiments, both from policymaker and researcher per-
spectives. There is a risk of farmer backlash from poorly designed or communicated experiments.
There is also the risk that the behavioural interventions being tested will not be well received, which
I allude to in my discussion above. These risks from the point of view of policymakers creates a risk
for researchers too. I am aware, anecdotally, of researchers overseas trying to partner with govern-
ments or government organisations, with such partners pulling out before research starts due to the
perceived political and reputational risks of field experiments.

Nevertheless, there is appetite for behavioural sciences and experiments to be brought to bear on
many areas of public policy. This is true in many countries, including New Zealand (Dewies et al.,
2022).1

Conclusion

A behavioural understanding of farmers highlights the additional uncertainty in predicting their
actions. However, this uncertainty exists regardless of whether we choose to include it in our mod-
els or not. Indeed, it adds an opportunity too; that of providing additional policy tools. Of particular
importance, I would argue, is seeing these tools as ameans of improvingmore traditional but effective
policies, such as emission pricing policies. This holds particularly true when marginal prices are at
the low end.

The challenge is the extent towhichwe can harnessmore realisticmodels of people to improve pol-
icy outcomes. Policy issues such as agriculture and climate change are large in terms of implications,
both economically and environmentally, as well complex. Of course, there are many types of infor-
mation and expertise available that policymakers should include in the policy development process.
As I outline in this article, policymakers would be wise to leverage available expertise in behavioural
and experimental economics, to their full potential. This could help optimise policy development in
agriculture, as well as many other areas.

Indeed, as noted in the introduction, European policy makers are increasingly realising how
behavioural and experimental economics can be used to improve the development and evaluation
of the CAP. In New Zealand, agricultural policy is different, with a low subsidy and export focus. Cli-
mate change, freshwater quality and quantity, biodiversity and biosecurity policies are all areas where
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policymakers need all available tools and insights to develop high quality policies for complex chal-
lenges. I have covered environmental policy already in detail in this article. Biosecurity policies can
benefit from behavioural and experimental insights by finding ways to improve farmer monitoring
and reporting (see Wright et al., 20182019). Health and safety perhaps could benefit from a similar
approach, given the dangerous nature of some farm work. Finally, industry bodies such as DairyNZ
and Beef+ Lamb tasked with increasing productivity and profitability of farms. Theymay find it use-
ful to investigate whether their extension programmes and farmer support tools could be improved
using experimental and behavioural insights (see for example Neal et al., ).

Note

1. See also https://dpmc.govt.nz/our-programmes/policy-project/policy-methods-toolbox/behavioural-insights.
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