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Abstract

Rates of adoption of pro-environmental practices in agriculture in many parts of the world are
low. In some cases, this is attributable to the private costs borne by farmers to adopt these
practices, often well in advance of any benefits - public or private - that they may bring.
Monetary incentives, such as through payments-for-ecosystem services (PES) programs, may be
of assistance, and in this study we examine the potential for a recent innovation (the
agglomeration payment) to improve adoption of pro-environmental practice in a rural
agricultural context. Agglomeration payments include bonus payments for adoption by
neighboring farms, which may help to encourage both compliance with the program they
promote as well as the overall diffusion of the program across rural contexts. We develop an
abstract agent-based model (ABM) of an agglomeration payment program to encourage
adoption of the pro-environment practice of conservation agriculture (CA). We find that
agglomeration payments have the potential to improve levels of adoption of pro-environmental
practice per program dollar, and may help to reduce required spending on project monitoring

and enforcement.

1 Introduction

In many parts of the world, agriculture leads to significant environmental impacts (Tilman
et al, 2001). In some cases, mitigating impacts can also benefit farmers through gains in
efficiency, such as the potential savings on water and other inputs from precision and
conservation agriculture (Mondal et al,, 2011; Palm et al., 2014). In other cases, reducing
environmental impacts may lead to some significant costs. For example, in the case of

improving biodiversity, land may need to be set aside, or managed in other ways, leading to
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drops in yields or income, heavier or different workloads, or opportunity costs in general.
Other practices promoting environmentally beneficial agriculture, such as better soil
management, may incur immediate costs, yet take time to develop private, as well as public
benefits (Pannell et al.,, 2006). Given the social goods that may come from enhancing
sustainability, yet the private costs of adopting, this presents something of a conundrum
(Vanclay and Lawrence, 1994), and as a result, the uptake of pro-environmental
management by farmers is often low.

To make environmentally-sound agriculture more attractive financial payments can
and do play a role (e.g., Ndah et al., 2014). These may be a subsidy payment to compensate
farmers for the costs, as typically articulated by the EU’s Common Agricultural Policy (e.g.,
Donald, Pisano, Rayment, & Pain, 2002), or they may be articulated more positively as
payment for ecosystem services (PES). The former (subsidy) framing may be targeted
towards a broad bundle of behaviours; the latter (PES) framing, is perhaps more typically
aimed at specific schemes, such as managing water quality, or, in the developing world,
uptake of “conservation agriculture”.

Despite three decades of developing PES schemes (Gomez-Baggethun et al., 2010)
they remain characterized by low uptake rates, and where joining a scheme does occur,
non-compliance with the expected management is often an issue. The former may arise
from a variety of reasons, including incentives being insufficient, the payments coming
from non-trusted sources, uncertainty about the length of the scheme and a variety of other
social and cultural reasons (Engel et al., 2008; Ghazoul, 2007; Jack et al., 2008; Kroeger and

Casey, 2007). Some of the same reasons affect compliance with the scheme and both lead
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to an escalation of scheme costs: either by requiring larger incentive payments or increases
in the costs or monitoring or policing.

New incentive mechanisms are being designed that may address both problems
simultaneously. From experimental economics, an innovative approach is to use
agglomeration payments (Parkhurst et al., 2002) that offer payment to the adopter for
different practices they adopt, but offer bonus payments if the adopter's neighbours also
change their practices. Agglomeration payments have been explored in the literature
largely as a spatial incentive and a means to obtain coordination in land use (Parkhurst and
Shogren, 2007), with particular focus on biodiversity conservation, where contiguity in
preserved habitat is of particular value (Albers et al., 2008; Drechsler et al., 2010, 1999).
Agglomeration payments have the potential to exploit inherent informal institutions of
social norms that regulate farmer’s behavior within the farmer’s community. Creating
interdependencies between neighboring farmers’ agricultural decisions has the potential to
strengthen the community’s organizational structure, promote information diffusion and
transfer of technologies, and increase adoption and compliance of pro-environmental
management. It may also aid compliance as the impact of a detected noncompliance not
only results in the loss of the direct payment for the farmer in noncompliance, but also
imposes a cost on all neighboring landowners engaged in the scheme who lose the
agglomeration payment associated with the shared border. If informal institutions such as
social norms increase the propensity for compliance (i.e., in order to avoid social
disapproval (Balliet et al., 2011; Grasmick and Green, 1980) and the subsequent loss of
social capital), then monitoring and enforcement costs will be smaller for an agglomeration

bonus mechanism relative to other PES schemes such as a flat subsidy mechanism.
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To our knowledge, there is only one evaluation of agglomeration payments in
smallholder agriculture, and it is at an early stage of a short pilot to promote conservation
agriculture in the Shire Basin, Malawi (Ward et al., 2015). With the long lag times from
adoption to accrued benefits in pro-environmental behaviors like conservation agriculture,
it is difficult to experiment empirically on different designs of PES schemes, whereas it is
more straightforward to experiment in silico. To this end, we develop an abstract agent-
based model (ABM) of a rural landscape of farmers making a choice about whether to
adopt pro-environmental practices. ABMs are an ideal framework to model uptake of PES
schemes as the unit of a decision-making agent can capture more of the complexity of
decision making by individuals based on their context and local social interactions, as well
as heterogeneity across farmers, than might be possible with an equation-based or
representative-farmer model (e.g., Diederen et al,, 2003; Gabriel et al.,, 2009; Langyintuo
and Mekuria, 2008; Marra et al.,, 2003; Sutherland et al., 2012).

We model the choice for farmers as a decision between practices with different yield
functions. Pro-environmental behaviours initially impose a yield cost, but over a period of
several years this cost declines and turns into both a small yield benefit, and a reduction in
sensitivity to climate. Our model is generic, with such a difference in yield functions
between the non- and pro-environmental behaviours being expected in a range of
situations (including integrated pest management, integrated soil management, organic
farming, managing pollinator populations and so on). However, to ground this firmly in a
familiar context, we focus on a concrete situation: conservation agriculture. This is a suite
of practices (including minimal tillage, mulching of crop residues, and crop rotation or

intercropping) (e.g., FAO, 2012; Ficarelli, Chuma, Ramaru, Murwira, & Hagmann, 2003;
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Kassam & Friedrich, 2010; Marenya, Smith, & Nkonya, 2014; Ndah et al., 2014; Pretty et al.,
2006), in which many of the private benefits of practice accrue only after some years of
continuous adoption, a hard sell to small-holding farmers averse to uncertainty and high
discount rates on the future (Pannell et al., 2014).

We model the decisions of individual farmers to adopt this practice as boundedly
rational, risk-averse, maximization of expected utility, with farmers learning from others’
experience and interacting to share potential benefits under an agglomeration payments
program. We apply this model across a range of situations varying the details of the
payment program, environment, and farmer conditions. Our key aim is to examine the
potential advantages agglomeration payments may have in promoting adoption of
environmentally sound agriculture, and in particular their impact on the overall cost-
efficiency of the scheme. Our key finding is that agglomeration payments have the
potential to improve levels of adoption of pro-environmental practice per program dollar,

and may help to reduce required spending on project monitoring and enforcement.

2 Methods

Agent-based models (ABMs) have emerged in recent decades as a powerful tool to study
complex systems where outcomes at the system level are strongly influenced by
interactions among heterogeneous individuals (and/or heterogeneous contexts) within the
system (Brown, 2006). This is particularly the case in many agricultural system processes,
where decisions such as land-use changes (Deadman et al., 2004), land sells (Bell, 2011) or
migration (Kniveton et al.,, 2011) are often strongly influenced by the subjective norms of

those in one’s neighborhood or community, and where yields may depend on specific
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details of the farm and its locality (German et al, in press). In an ABM, individuals in the
system (such as farmers, in the agricultural context) are modeled as agents who take
information from their environment and other agents in the system, and make decisions
based on a set of rules programmed into the model to represent real-life decision
processes. Landscape-level outcomes emerge from the concerted actions and interactions
of individual agents.

For the current study, the ABM approach allows examination of the boundedly
rational, multi-step decision-process of adoption across a heterogeneous landscape of
expected-utility-maximizing farmers interacting with each other and responding to a
spatial incentive (the agglomeration payment). This section outlines the structure of our
model, the set of experiments undertaken using the model, and our subsequent analysis.
The complete description of the model follows the ODD Protocol (Grimm et al,, 2010,
2006), an emerging standard protocol for the description of agent-based models, and is
included as Appendix A. The ODD Protocol includes diagrams for all process flow and
scheduling in the model, as well as details of all sub-models included in the overall
simulation. In the current section we provide a summary description sufficient to describe

model assumptions and structure, and frame modeling results appropriately.

2.1 Agent-based model structure - Summary

We model a landscape of farmers, managing a portfolio of plots, in which plots may take
one of three different land-use states: i) conventional practice, ii) conservation practice, or
iii) ‘cheating’ - claiming to adopt conservation practice while remaining with conventional

practice. The model captures two distinct time processes - a decision time step, and an



156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

interaction timestep - in order to capture variation in the extent to which farmers share
information and consider their options. The decision time step is nominally one year, in
which the state of the system is assessed (including yields) and farmers make decisions on
how to manage their land in the following ‘year’. The interaction time-step is nominally a
sequence of within-year events where farmers interact with one another to share

information.

2.1.1 Environment and Policy

Plots are subject to independent random variation in rainfall in time and space. All farmers
are eligible to receive payments for the adoption of conservation practice, with payments
taking two different forms whose levels are varied in different simulation runs. ‘Base
payments’ are standard subsidies given to farmers proportional to the area under
conservation practice. ‘Agglomeration payments’ are bonus payments given to farmers
adopting conservation practice proportional to the number of neighboring farms also
adopting conservation practice. Electing to ‘cheat’ on any plot brings the same program
benefits as adopting conservation practice, but with a possibility of being randomly
checked and having to pay a fine proportional to the ‘cheating area’ - i.e., area registered as
conservation practice, that is actually under conventional practice. Conventional and
conservation practices have different per-area yield functions, while cheating has the same

yield function as conventional practice but with the chance of being assessed a penalty:

Yeonventionar = (600 + 1 - Rainfall)(1+ 1.2 - Soil)(1 + 1- Ef ficiency) Q)
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min(8, Seasons 2

Yeonservation = < ( 3 )> (700 + 0.7 - Rainfall)(1 + 1 - Soil)(1 2)
+ 1.2 - Efficiency)

Yeneating = (600 + 1 Rainfall)(1 + 1.2 Soil)(1 + 1 Ef ficiency) 3)

— (rand() < Pcatcn) - Penalty

These yield functions are intended as simple and abstract; as modeled, yields for the
encouraged conservation practice are slightly higher on average, less dependent on climate
and soil quality, more dependent on farmer technical efficiency, and have a lag time to full
yields (an example shown in Figure 1). Though a penalty is not strictly a component of
yield, it is placed here for computational convenience so that uncertain factors that have
some random variance (yields, penalties) are treated separately from factors that are
certain (side payments, program payments). The policy environment is designed as a
scheme of payments running for a finite time, and aiming to compensate the period when
adopters are paying a direct yield cost. The expectation is that most adopters, if they adopt
for the length of the scheme, will, at the schemes’ end realize sufficient benefits to remain
as pro-environmental practitioners.

We did not directly model monitoring costs; rather, we model monitoring via the
two parameters of a) per-area penalty if caught ‘cheating’ and b) pcacch, the likelihood of a
particular plot being monitored. For the purposes of qualitative comparison, a higher pca¢cn

implies a higher investment in monitoring, and thus higher monitoring costs.

2.1.2 Interactions - Sharing information
Between each decision timestep there are ninc interaction timesteps. A farm participates in

an interaction timestep (i.e., tries to talk to other farms and re-evaluates their preferred
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course of action) with probability pparticipate. If the farm i participates, it then exchanges
crop experience (history of net yields i.e. yield minus any penalty) of all of its plots with
each other farm j in turn, with probability equal to the strength of the network link pjink i
between the two farms. This is to say, if two farms i and j interact during a given
interaction time step, that interaction includes an exchange of all of their past experienced
yields for the three land use options. Network link strengths piink;j are randomly assigned
at initialization and then rescaled such that network link strengths are stronger on average
with closer neighboring farms than with those further away. After sharing information, the
farm then re-evaluates its chosen land-use portfolio for the upcoming season (Figure 2).
Figure 2 indicates that for each other farm j that farm i has learned crop experience
from, farm i constructs a similarity cue based on the variation in per-area crop yields when
the two farms 7 and j took the same action (conventional, conservation, or cheat) anywhere
within their portfolios in the same year. Farms with the lowest mean-square variation
from farm i would have the greatest similarity, while those with the highest variation (as
well as those with no shared experiences taking the same actions in the same years) would
have the least similarity. This similarity is used as a weighting factor in the farmers
decision (described in Section 2.1.4) - as farmers consider the possible utility from
different portfolios and draw on their shared experiences to do so, they will weight

estimates from more ‘similar’ farms much more heavily.

2.1.3 Interactions - Side payments
Farms that are currently practicing or plan to practice conservation practice or cheat in any

of their parcels, and could benefit by agglomeration payments if other of their neighbors
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choose to adopt, may offer a side payment to their neighboring farms as an encouragement
(where neighboring farms are those farms whose plots fall within a set radius of any plots
of the identified farm). The side payment captures the possibility that farmers may invest
in encouraging their neighbors to participate in the program if for no other reason than to
increase their own returns (much as marketing tools such as groupon.com convey savings
to consumers who can encourage others to participate with them). It is treated here as it
has been elsewhere (e.g., M Drechsler et al,, 2010; 2007) as a literal side payment of wealth
between farmers, but in practice might include favors, shared risks, or social approval as
mechanisms. Whether such side payments would manifest in a real agglomeration
payment program is not known, so that our inquiry will distinguish the extent to which this
mechanism drives our findings.

In the model, offers start as a random fraction of the value of one season’s
agglomeration payment, and are incremented by additional random fractions in
subsequent seasons, until they reach a maximum of one season’s agglomeration payment,
or the neighbor chooses to adopt conservation practice or cheat. Standing offers from
neighboring farms are considered by the farm during the estimation of expected utility

from different land-use portfolios.

2.1.4 Farm-level decision

In each decision timestep, farmers implement a particular portfolio of land-use on their
plots. Their choice of what to do in the next decision timestep is updated during each
interaction timestep in which they participate, following a boundedly-rational, risk-averse,

future-discounting expected utility model. Each farmer, as well as having a defined area,
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explicit in space to manage, has idiosyncratic (randomly assigned) attitudes to risk and
discount rates.

The farmers’ decisions are made boundedly rational by the simplification to a
reduced set of alternative portfolios. Farmers do not choose for each plot individually, but
rather, compare a random subset of possible portfolios (e.g., with 3 plots and 3 options
there are 9 different possible portfolios), always including the particular portfolio (the
default decision) they are currently doing in this comparison. For each of the portfolios the
farmers select to evaluate, they draw ngraws random time paths of future yields (for nyears
into the future), using in each time path the experience learned from their network,
weighted by the similarity of the farms from which these experiences are drawn to
themselves, to estimate yields for these portfolios. Put simply, farmers’ estimates for
future yields are based much more heavily on the experiences of other farms they deem to
be more similar to them, than on farms they deem to be less similar (based on the
similarity of historical yields to their own). Potential bonus payments from the program
are added as appropriate to each of these time paths, as well as costs of converting from
one land use to another, as appropriate. In the case of agglomeration payments, farms
include offers that have been made to them of side payments. Additionally, farms estimate
with probability, padopt , Whether each of their non-adopting neighbors will enroll in the
program in a given year, and account for the cost of nudging that adoption via side
payment. These complete time paths are converted to a utility basis using the farmer’s risk
preference, and discounted to the present using the farmer’s discount rate. The average
across time paths is determined using the similarity metrics for the corresponding farmer

to weight each time path. Farmers then choose to adopt the portfolio with the highest
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expected utility. Because the set of portfolios always includes the current portfolio (with
transition costs, if any, already paid), it will remain the selected option as long as it remains

the best option.

2.1.5 - Initialization

At initialization for all simulation runs in this study, a landscape of plots is randomly
generated, with fraction fsy of the landscape made up of plots with radii drawn from [ piot,
Orplot]. Plots are randomly assigned into farms of [{num plots, Onum plots] €ach, and all other
characteristics of the farm - risk behaviors, network link strengths, etc. (Table 1) are
generated stochastically and assigned to the farms. This creates a landscape of farmers
with heterogeneous decision parameters, working on farms that in turn differ in size and

structure.

The model proceeds up to timestep tpiior stare With all plots using conventional
practice. From timestep tpiiot start through tpitor ena, @ subset of npiior farms are selected to
‘participate’ in a pilot project of the conservation practice. Participation of these farms is
achieved by manipulating the perceived utility derived from conservation practice, such
that they choose an option for their farm that includes either i) conservation practice or ii)
‘cheating’ on at least one of their plots; the perceived utility is held high for this option for
the duration of the pilot so that these farmers observe yields from conservation practice
and cheating and store them in memory. Through this mechanism, knowledge about the

conservation practice as well as cheating is inoculated into the landscape.
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2.2 Experiment Structure

The structure of our model captures mechanisms of diffusion via social contact. At the
beginning of each simulation run, all farms are implementing conventional practice on all
plots. Several decision timesteps into the simulation, a small pilot program is seeded in the
model landscape - some number nyio: farmers are granted sufficient additional
encouragement (by inflating the expected utility of a portfolio including one or both of
conservation practice or cheating) to maintain that portfolio for some nyears pilot years. This
‘pilot’ seeds experience of the new options - adopting conservation practice, or cheating -
into the landscape. Over time the experience from these pilot plots is shared with others in
the landscape, and where it leads others to try conservation practice, the innovation
spreads.

The base case in our experiment includes the initiation of this pilot program, but no
further subsidy is provided. For comparison against this base case, our in silico
experimental design systematically varies four key policy variables (level of base subsidy,
level of agglomeration payment, penalty for being caught cheating, and likelihood of being
caught cheating) in a full factorial sweep (Table 1).

Additionally, as there are a large number of environmental, cultural, and social
variables in our agent-based model that are likely to vary widely, we overlaid this
systematic sweep of the policy variables across random Monte Carlo variation in the
environmental and social variables (an early sensitivity analysis included as Appendix B
identified 26 variables of interest, summarized in Table 1). Specifically, for each unique
Monte Carlo set of 26 variables drawn (a single value drawn for each of the 26 variables

from uniform distributions, with ranges defined in Table 1), a full sweep over the 4 policy
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variables was performed. In total, limited only by time on a shared high-powered
computing cluster, we undertook 624 Monte Carlo sets, each including a 6x6x4x3 sweep of
the policy variables, for a total of 269,568 modeling runs.

Choosing parameter ranges for a Monte Carlo experiment in an abstract model is
challenging. In our case, there are few variables that have meaningful bounds in the
literature, nor would it necessarily appropriate to peg some values to literature bounds
while other aspects of the model structure did not conform to the system to which that
literature was referencing. We chose parameter ranges that meaningfully scaled against
the three yield functions (equations 1-3) for the land use options, which are treated as
fixed. For parameters that did not tie directly to the yield functions (such as the size and
number of plots, or the risk behaviors of farms) we attempted to choose ranges that would
jointly create landscapes with wide variation in the number of farms; the range from small
to large farms; or the behavior from low to high risk aversion among farms. In the results
and discussion that follows we refrain from making inferences specific to particular
environmental conditions, and instead present findings that emerge as robust over the
range of Monte Carlo parameters tested in the study.

2.3 Analysis

We generate response surfaces for the key outcome of interest (area under adoption) as
functions of various sweep variables (base payments, agglomeration payments, likehood of
being caught, and the per-area penalty for cheating) as well as other outcomes (overall
program costs).

To evaluate the importance of particular variables in affecting outcomes within the

MC exercise, we estimated variable importances using the RandomForestClassifier in



333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

Python (Sci-kit Learn, 2015). The RandomForestClassifier (rF) is a machine learning
algorithm that builds regression trees using random subsets of the data, and assesses the
goodness of fit of the tree based on its ability to predict the subset of the data that were not
used to build the tree. Importantly, comparison of the random set of trees allows the
importance of different variables to be assessed: ones that radically affect the ability of the
tree to predict correctly are more important. Unlike conventional regressions, in which
interactions of interest must be identified as part of the model, interactions are implicit in
any decision tree developed within a random forest (i.e., a variable used to classify data at a
particular node is implicitly interacting with the variable used to classify data at the
previous, higher node). Due to the memory constraints invoked by the large dataset, we
performed a composite Random Forest analysis using 50 different samples of 25000 data
points (~10% of our dataset per sample) and analyzing using a classifier with 1000 trees,

all other settings default.

3 Results

In a typical simulation run, all land is under conventional practice at timestep 0 (Figure
3A), with an initial pilot of the conservation practice (plus a few cheaters) launched in the
first few years (Figure 3B), leading to adoption of conservation practice as new of
conservation practice performance spreads (Figure 3C) with some disadoption as the
direct program benefits expire (Figure 3D). An additional outcome of interest with
agglomeration payments is often the level of spatial coordination or contiguity in adoption
that is achieved. We measure contiguity here as the fraction of planted area in the

neighborhood of a plot adopting CA that is also adopting CA - a similar measure to the
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mean proximity metric (Wu and Murray, 2008), but not discriminating plots by distance
within the neighborhood, and also retaining a scale from 0 (all adoption is dispersed across
separate neighborhoods) to 1 (all neighboring plots of an adopting plot are also adopters).
We see agglomeration payments having a similar impact on contiguity of CA as on net
adoption of CA (note that both measures will converge at higher levels of adoption) (Figure
A1, Appendix C, examining contiguity of CA adoption). This is consistent with previous
results examining agglomeration payments for biodiversity conservation (e.g., Drechsler et
al,, 2010; Parkhurst and Shogren, 2008), but is not the outcome of primary interest in this
study where we examine effects on the cost-effective encouragement and diffusion of CA

adoption.

3.1 Explaining model outcomes

We highlight four key model outcomes in this section. First, as might be expected, greater
spending on program payments (either by increasing base payment or agglomeration
payment levels) leads to greater levels of adoption. Figure 4 shows contours of area under
adoption as a function of both 1) overall program costs for payments (y-axis) and 2) the
fraction of payments costs that go to agglomeration payments; the shape of this surface is
irregular as payments spending is also a model outcome and not an input variable. Moving
up the ‘Payments Costs’ axis (y-axis) in each of Figures 4A-C, the area under adoption
increases. Importantly, the highest levels of adoption occurred in programs that included
agglomeration payments. Second, some level of increased investment in monitoring
effectiveness (compare contours in Figure 4A with Figures 4B or 4C) leads to greater levels

of adoption at lower levels of spending on payments. These first two results provide face
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validity for the proper function of our model, but raise questions regarding cost
effectiveness — how is money best spent across base payments, agglomeration payments, or
effort in monitoring?

To answer this question, our third key result is that, when some monitoring effort is
present, agglomeration payments can improve cost effectiveness. The contours in Figure 4
(most clearly in Figures 4B and 4C, with higher monitoring effort) indicate that equal levels
of area under adoption are achieved with lower spending on payments costs, as the
fraction of payments spent as agglomeration payments increases. For example, under
medium monitoring effort, the cost of achieving a fraction of 0.29 of the landscape under
adoption (Figure 4B, middle contour) with no agglomeration payments is about 0.3 (units),
but this drops to 0.2 when half of all payments are agglomeration payments.
Mechanistically, the reasons for this are two-fold. Most importantly, agglomeration
bonuses (and to a minor extent side payments among adoptees) help to meet the
reservation price of farms that value the conservation practices less, without a blanket
increase in the subsidy. As participation by neighbors increases, the net value of adoption
rises (through additional agglomeration bonuses as well as side payments offered by
neighbors). This efficiency improvement from agglomeration payments was demonstrated
by Drechsler et al. (2010) in the context of biodiversity conservation for butterfly habitat,
and demonstrates the potential for agglomeration payments to help subsidy programs
approach heterogeneous farm-tailored pricing. The other mechanism in place is that the
peer effect of receiving a side payment is only a guarantee when the practice is actually
adopted; a neighbor may or may not honor a side payment for a farm that cheats (whether

they will or not is known to both farms). Thus, incentives to cheat are reduced relative to
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incentives to adopt when agglomeration payments are included in the program. The
overall contribution of side payments is comparatively low in our results, accounting for at
most around 4% of adoption in cases where program spending is low overall (Figures A2-3,
Appendix C, comparing simulation results with and without the side payment mechanism);
however, we note that side payments are capped at a maximum of one season’s
agglomeration bonus in our study, capturing uncertainty over how long a recipient might
stay in the program. Thus, in contexts where farmers might believe their neighbors would
stay enrolled longer (and thus be willing to offer more to encourage them), these
mechanisms might have greater importance.

The fourth key result is that agglomeration payments have potential to substitute
for monitoring efforts in such subsidy programs. Figure 5A shows contours of area under
adoption as a function of 1) program spending on payments and 2) likelihood of being
caught, generated from all modeled cases where only base payments were applied; Figure
5B shows the same for all modeled cases where only agglomeration payments were
applied. The ‘concave-up’ or "L" shape of the equal-adopted-area contours in 5B (absent in
5A) indicates that equivalent levels of adoption can be achieved either by increasing the
likelihood of catching cheaters (i.e., spending more on monitoring programs) or by
spending more on agglomeration payments. This pattern is robust to programs that include
base payments as well (Figures 5C,D), where again it is clear that these payments work
synergistically to provide greater levels of adoption for the same overall program cost than
either payment form alone (black dashed line across all panels). This result is preserved in
the absence of side payments (Figure A4, Appendix C, comparing simulation results with

and without the side payment mechanism) but is less clear and consistent. Whilst our
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abstract model does not estimate the costs associated with increasing the likelihood of
catching cheaters, this figure demonstrates the proof of concept through which
agglomeration payments may substitute for monitoring effort. In conditions where
monitoring is expensive (as it may be for rural areas in developing countries), payment

programs that include agglomeration payments may be able to improve program efficiency.

3.2 Key environmental variables

Our model attempts to model the complexities of decision making such as occur in real
situations. It is therefore instructive to look at the range of variables and processes in
order to understand whether there are key variables that drive decisions. To identify the
relative importance of each of the variables in the model that contributes to the area under
conservation practice and program cost (Figure 6) we used random forest to estimate
variable importance.

To reduce computational overheads, the variables in the Monte Carlo analysis were
selected using an earlier sensitivity analysis on model outcomes (included as Appendix B),
excluding model parameters that did not initially appear to strongly shape outcomes.
Nonetheless, Figure 6 indicates that there are many variables with similar importances,
and this highlights the complexity of decision-making processes: adoption and program
cost do not depend on a very small subset of variables but many variables including the
farmer’s characteristic attitudes to risk and discounting, social networks, farm
characteristics and environmental conditions. As an example, the variable ‘chanceAdopt’
(capturing the perceived likelihood that one’s neighbors might adopt in future, used in the

estimating future utility from adopting and receiving payments) appears important to both
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adoption and program cost, highlighting the importance of designing social research
instruments to be able to i) identify whether this perception does in fact shape this kind of

decision, and ii) if so, measure it.

4 Discussion

An important goal of the sustainable intensification of global agriculture is to ensure that
any intensification occurs alongside improvements in sustainability (Garnett et al., 2013),
which requires the uptake of pro-environmental behavior. Farmer decision making is a
highly complex process involving a range of criteria unique to the individual and his/her
context (Edwards-Jones, 2006); partly because of this, the literature on how best to
encourage uptake of pro-environmental behavior is itself complex, and clear messages
about the “best ways” to encourage uptake are not apparent. To study this process in
general, we developed an agent-based model to capture some realistic dimensions of a
payment for ecosystem services (PES) scheme. In particular, we used this model to
examine the efficacy of an innovative form of PES scheme, the agglomeration payment. Our
key findings are that inclusion of agglomeration payments in a PES program i) increases
absolute uptake, ii) can decrease overall payment costs, and iii) may have potential to
reduce the demands of program monitoring. Our model incorporated a range of contextual
processes and variables - our analysis revealed that a significant majority these were
important, leading to a general finding that decision making (and hence, levels of adoption
and program cost) are governed by a large number of context-specific variables. This
indicates that there may not be simple leverage points on which to focus behavioral-change

studies: information and its diffusion, farmer attitudes to risks, social networks, details of
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the farm and its environmental context are all important. A simple “knowledge deficit”
model does not fit.

The key findings regarding agglomeration payments derive from the peer effect that
the payments introduce - in large part through the shift in direct payments as neighboring
farms adopt, and to a lesser extent through any kind of additional encouragement these
adopting neighbors might see beneficial to provide. Drechsler’s (2010) work highlighted
the efficiency gains possible via side payments, as well as the spatial coordination
important for biodiversity conservation, but we demonstrate here that these peer effects
have much more to offer to agricultural contexts. The cumulative agglomeration payments
along with the neighbors’ encouragements themselves (the ‘offer’ made to neighboring
farmers) act jointly as a diffusion mechanism to spread adoption beyond the set of
adopters convinced by the base subsidy, contributing further to the higher uptake that
agglomeration payments facilitate. Incentivising farmers to work cooperatively is
something that is increasingly recognized as important in a range of situations where
“upscaling” - the adoption of a large enough area to influence ecosystem services operating
at large scales - is important to create the social benefit (e.g., Concepcion et al,, 2008;
DeFries and Rosenzweig, 2010; Hodgson et al.,, 2010; Benton, 2012; Tscharntke et al., 2012;
Sayer et al., 2013), and this provides a mechanism. Sometimes peer pressure works against
uptake (Sutherland et al,, 2011) and agglomeration payments are a route to overcome this
by targeting an individual’s incentives rather than rewarding communities. Upscaling can
create a virtuous circle, not only in terms of delivering ecosystem services (like population
or water management that work at landscape or catchment scales), but also by producing

social benefits in terms of communities of practice that themselves can drive benefits. For
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example, in the UK, (Gabriel et al,, 2009) hypothesized that the spatial clustering of organic
farms might initially be sparked by the environmental conditions, but when the clusters
grow they may support the local development of markets, and further incentivize
conversion to organic farming.

Furthermore, to the extent that i) side payments are significant relative to the direct
agglomeration bonuses and ii) any farmers are reluctant to make side payments to
neighbors for cheating (i.e., the encouragement to adopt is stronger than the
encouragement to cheat), agglomeration payments can improve compliance with payment
schemes, furthering the efficiency gains achieved via side payments. This effect may have
greater relevance for smallholder agricultural contexts than for the large landholders who
have up to now been the focus of much agglomeration payments work (e.g., Hartig &
Drechsler, 2010; Parkhurst & Shogren, 2008; Parkhurst et al., 2002). Where the costs of
monitoring and follow-up are expensive, the integration of agglomeration payments into a
payments scheme can reduce the role of monitoring in maintaining compliance.

The ABM is a flexible model than can be easily adapted to a range of case studies.
We included a range of variables that have some empirical support in determining (a)
yields and (b) decisions. The variable importance analysis (using the random forest
algorithm) indicated that contrary to our expectations that a few variables might be
particularly important, the majority of the variables were. This reinforces the view that
technological adoption is highly complex and so a full understanding, either in the general
case or for a particular situation, needs to recognize this complexity (Edwards-Jones, 2007;

Pannell et al., 2006) (Edwards-Jones, 2006)
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Our model was notionally based on the adoption of conservation agriculture in
developing countries, which is often hindered by the interdependencies between
agricultural productivity on small farms, and social and cultural values, as well as access to
resources. Overcoming these obstacles to CA adoption requires the strengthening of
organizations beginning at the community level, to promote dissemination of information
and the transfer of knowledge between farmers as they learn how to adapt CA techniques
to the agricultural environment (Ficarelli et al., 2003). Further, social relationships have
significant and complex effects on individual decisions within villages and communities in
developing countries. Strong social relationships translate into social capital, which
generates greater trust and reciprocity allowing individuals more access to economic
resources and extended social networks within the individuals community. Ignorance to
the impacts of social capital when implementing a CA (or any other similar) management
plan can have negative impacts on adoption and compliance (Hoang et al., 2006). In
developing countries, informal institutions that capture social norms regulating individual
behavior within the community can be an effective avenue to managing ecosystem services
(Jones et al., 2008). Our model demonstrated that agglomeration payments have the

potential to act as a spark to strengthen diffusion and build social cohesion in this context.

5 Conclusions

We developed an abstract ABM to investigate generic decision-making on land-use
practices by farmers, especially in the form of encouraging pro-environmental behavior via
payment for ecosystem services. Specifically, we were interested in the role agglomeration

payments could play in making PES schemes more effective.
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We found that agglomeration payments were synergistic with conventional
payment programs, leading to 1) greater levels of pro-environmental behavior per
payment dollar spent, 2) greater overall levels of pro-environmental behavior, and 3) the
potential for payment structure to reduce the need for monitoring efforts that can prove
costly in remote smallholder contexts. These results were robust to a wide range of
environmental and social conditions. Our model also reinforced that individual farmer
decisions result from interplay among many variables - social, economic and
environmental - and so it is difficult to highlight key leverage points for behavioral
intervention.

The growing numerical support for agglomeration payments as a conservation tool
warrants further exploration via pilot study. The numerical work presented here has
informed the design of a pilot study for improved adoption of conservation agriculture in

Malawi, currently underway.
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FIGURE CAPTIONS

Figure 1: Sample time path for yields from conventional and conservation land use,
in the case of a farmer with technical efficiency of 0, soil quality of 0, with a mean
rainfall of 250 units and standard deviation 90. Conservation farmers pay a big cost
initially, but after 8 years on average both slightly outperform conventional farmers
and have more resilient yields.

Figure 2 - Interaction Loop Expanded

Figure 3: Typical landscape (shown here a single instance with a base payment of 40,
agglomeration payment of 60, penalty for cheating of 1000, and chance of being
caught of 60%) during simulation run, at timesteps A) 0, B) 5, C) 20, and D) 30.
Yellow plots are under conventional practice, green plots are under conservation
practice, while red plots are cheating - maintaining conventional practice but
claiming program benefits.

Figure 4: Proportion of total plot area adopting conservation practice, as function of
total program spending on payments (X axis, along left axis within each panel) and
the percentage of payments coming as agglomeration payments (Y axis, along right
axis within each panel), for three different conditions of monitoring effectiveness
(Low - per-area penalty of 1000 and chance of being caught 0.4; Medium - per-area
penalty of 1500 and chance of being caught 0.6; High - per-area penalty of 2000 and
chance of being caught 0.8). Surface is irregularly shaped as both x- and y-axis
variables are modeled outcomes, not input variables. Spending on payments (X axis)
is re-scaled to range from O to 1. The contours are equal area under conservation
practice showing (especially evident in panels B and C) that the same area can occur
with lower costs if a greater proportion of the payments are agglomeration ones.

Figure 5: Proportion of total plot area under conservation practice, as function of
spending on payments and the likelihood of being caught, for several subsets of data:
A) all model cases where agglomeration payments are 0 (with base payments
spanning 0 to 100), B) all model cases where base payments are 0 (with
agglomeration payments spanning 0 to 100), C) all model cases where base
payments are 40, and D) all model cases where base payments are 80. Color (from
blue through red) represents proportion of total area under conservation practice;
contours of same color have same level of area under conservation practice. Black
dashed line represents the maximum program spending in model cases with only
base payments. The "L-shaped" contours in B-D (absent in A) indicate that different
combinations of monitoring effort (proxied by the likelihood of being caught) and
agglomeration payments may lead to the same adoption area. For example, the
maximum area using base payments only (at a cost of 0.375 and monitoring effort of
0.4) in A, can be achieved with base and agglomeration payments at half the cost
(~0.18) at the same monitoring effort in B, or at a higher cost with lower monitoring,
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or vice versa. Surface is irregularly shaped as y-axis variable is a modeled outcome,
not an input variable.

Figure 6 - Relative importances of Monte Carlo variables in predicting modeled A)
area under adoption and B) program spending on payments, estimated using 50
different samples of 25,000 data points from our full dataset with a random forest
classifier. Standard deviations shown in horizontal blue bars. Shortnames shown
here are defined in Table 1.



Table 1 - Model Parameter Settings for Experiment

Modeling Parameters - Varied in Monte Carlo Analysis Shortname (in Figure 6) Minimum Maximum Units
Number of interaction steps per decision time step interactionsPerTimeStep 5 9 /year
Rainfall Mean climateMean 250 500 mm/year*
Rainfall SD climateSD 50 100 mm/year*
Number of t‘ir‘ne steps / years considered in estimating numvYearsForward 15 25 year
expected utility

Transaction cost, switch to conservation practice switchEncouragedCost 50 300 dollar*
Transaction cost, switch to conventional practice switchStatusQuoCost 50 300 dollar*
Average link strength for network connectionScalingFactor 0.3 0.8 -

Plot Radius Mean propertySizeMean 50 80 m*

Plot Radius SD propertySizeSD 20 80 m*
Network link Kernel Radius networkCorrelationDistance 500 2000 m*

Plot Soil Quality SD agentSoilSD 0.05 01 -

Farm Discount Rate Mean agentDiscountMean 0.02 0.1 -

Farm Discount Rate SD agentDiscountSD 0.01 0.05 -

Farm Risk Preference Mean agentRValueMean 0.5 1.25 -

Farm Risk Preference SD agentRVAlueSD 0.1 03 -

Farm Participation in Interaction Step Mean agentinteractChanceMean 09 -

Farm Participation in Interaction Step SD agentinteractChanceSD 0.1 0.2 -

Number of random draws to calculate expected utility numDraws 10 20 -
Perceived likelihood of a given neighbor adopting, for

use when estimating gxpgcted utili']ty e J chanceAdopt 0.3 0.7 -

Number of plots per farm Mean meanPlotsFarm 2 4 -

Number of plots per farm SD sdPlotsFarm 0 3 -

Number of options considered Mean meanNumCombos 6 14 -

Number of options considered SD sdNumCombos 1 3 -
Probability of leaving landscape problLeave 0.01 0.04 -

Farm technical efficiency SD sdEff 0.05 01 -
fngzsggé that a farm honors an offer to a neighbor probGiveCheat 0 1 -
Modeling Parameters - Fixed in all simulations Value Units
Fraction of landscape filled 0.6 -
Landscape X 3000 m*
Landscape Y 3000 m*

Years in simulation 30 vyear
Number of sponsored pilot study members 10 farm

Start year for early adoption pilot 5 -

End year for early adoption pilot 8 -

Length of subsidy 6 years
Modeling Parameters - Varied in Policy Sweep Minimum Increment Maximum Units
Base Payment 0 20 100 dollar/year*
Agglomeration Payment 0 20 100 dollar/year*
Penalty for Cheating 1000 500 2000 dollar/year*
Random monitoring Probability 0.2 0.2 0.8 -

*Units are provided where appropriate, but we emphasize that in an abstract model such as this, they are useful only as a

guide
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Model Description

We describe our agent-based model usingB® (Overview, Design concepts, Details)
protocol for describing individual- and agent-based models (Grimm et al., 2006, 2010).

1. Purpose

To assess the performance of agglomeration payments alongside conventional sabsidies i
encouraging conservation practice in developing country agricultural contextss a broad
range of farmer and environmental characteristics.

2. Entities, state variables, and scales

There ardour entities used in this modelplots,farms environment, and network&ddi-
tionally, there are two time scaleghe interaction time scale (governing interactions among
farmers) and the decision time scale (governing decisions made and actions takes) on pl
and one spatial scale (the farm landscape)

Plots

Plots represent trepaces upon which farms cultivate crops. They are described by: a unique
ID, a location in twedimensional space and a size, an owner farm, the current state (one of
three managemenhoices), the number of periods since the state was chanrgkd,sing

land quality parameterThe state of each plot is either i) managed using conventiomal pra
tice, i) registered for the payment program and managed using conservatiore poadiig
‘cheating’—i.e., registered for the payment program but still managed using conventional
practice.

Farms

Farms represetfidrming households as a single decismaking body. They are described

by: a unique ID, a list of plots owned, a single variable for accumulated wealthofankest

work links to other farms (described in detail belovCoilectives), a single variable for tée

nical efficiency, aisk aversion coefficient, a discount rate, and a memory of their own past
experiences on their plots as well as those experiences shared with them by other filnmers w
whom they have interacted. Additionally, they are described by state variablescdpecif
model processes, including a list of offers outstanding to neighboring farmers to encourage
adoption of the conservation practiseéProcess Scheduling), the maximum offer they

would make in such a situation, the fraction of experiences in their memory théyeare a
recall when deciding among options ($&ecess Scheduling), the number of options they
consider at a timehe probability of participating in a rourd interactions with other farmers
(seeTime Scales), a flag for whether they were selected as part of the initial pilot program in
the model (setitialization), and a flag for whether offers they’ve made to neighbors would
be honored if the neighbor cheated (i.e., registered in the conservation practices pragram
did not follow through; seBrocess Scheduling).

Environment

The environment in which farms (and plots) are embedded is described by a smalhgst of p
ical and social parameters: the size of thedhmeensional landscape, the fraction of the
landscape to be filled with plots, a threshold radius around a plot for what idereasa
neighbor,a normal distribution for rainfall from which actual rainfslldrawn for each plot, a



transaction cost for switching between the conventional practice and the consepvati

tice, a transaction cost for switching from the conservation practice bdek ¢ortiventional
practice, a time path for conventional subsidies being offered for registnatine consep+

tion practice, a time path for agglomeration payments being offered for registratin i
conservation practice, a penalty for being caught cheating and a likelihood of being caught
the number of farmmitially selected to participate in the pilot program (e&&alization),
andthe star and end of this initial pilot.

Networks

Farms are connected to other farms by network links; the link strength (from (htbchtes

the probability that a farm Wishare information about past experience with the linked farm

in a given interaction, and is directiorathe link strength from farmto farmj is indepen-

ent of the link strength from farjrto farmi. Link strengths are assigned randomly between
plots, and then scaled down using a linear kernel outside the neighborhood radibe (i.e., t
average strength of links decays outside of local neighborhoods); when plots areddssigne
farms, the strongest link between any plots owned by ifamd any plots owned by farnms

retained as the link strength between those two farms. This allows link streuigieind on
physical neighborhoods even when farms are composed of plots spaced far apart, common in
smallholder environments.

Scales

Simulations irthis study take place on a 3km x 3km square space, with plots locatedicontin
ously across the space (not gridded). The decision time step represents one yaaghas tho
an environment with a single agricultural season per year (common t8aBalban Africa)

and simulations are carried through for 30 yeditse interaction time step does not map to an
invariantly regular pace of interaction among farms, but captures thg thatifarmers may
have a range of interactions with other farmers in betwesdang decisions on their farms.
The number of interaction time steps between each decision time step varies acegpg-our
iment (sedexperiment Setup) from 5 to 9; each farm selects probabilistically to engage other
farms at all in each interactioregt and in each interaction information is shared probabilist
cally based on the strength of the network link. This allows a distribution in the namber
interactions shared among farms between decisions, rather than a spuriouslgtinuaniaer

of interactions.

3. Process overview and scheduling

The main loop of the modebnsists of thregner loops that update farm yields (Loop 1),
information (Loop 2), and actions (Loop 3) once for each decision time step (Fjgure 1



Main Loop ‘

Generate farms,
Loop through all plots, and random
time steps t networlk

connections

Loop through all farms to observe
current yields, receive payments (Loop 1)

Loop through all farms to interact and .
select preferred action (Loop 2)

Loop through all farms to implement
preferred action (Loop 3)

Figure 1 — Main Model Loop

Loop 1 generates rainfall for each plot in the landsctyea cycles through each farm in the
landscape, evaluating the yields, program payments, and penalties accruing toteache
farm (Figure2). Plots that are ‘cheating’ have a finite probapibf being caught, in which
case a penalty of fixed and known value accrues to the faamms add current observations
of net yields (in the case of the ‘Cheat’ choice, penalties assessed are subtracteelds)m vyi
to their list of experience. At trend of the main loop, farms leave the landscape with some
probability, and their farms are taken over by new households (farm parameters are re-
estimated but farm plots do not change). Updatirfarofsis asynchronous.

Loop |

Nested loop

ofallplotsi (7 AT
of farm j each plot in

landscape

Get Yield, Payments, and Penalties
for current plot i

* Add observations of net
yields (yields — penalties) to
memory for farm j

Figure 2 — Loop 1 (Yields)

Loop 2 captures the interaction time steps that occur between decision time steps3)Fig
For each of k interaction timesteps, the ordering of farms is randomized, and thdaopsiel



through each farm. If the farm participates in this interaction tieye(stetermined by ran-

dom draw), it will then exchange information with other farms in its network, proliadailig
depending on the strength of the network link with each farm. (Note, even if a farm does not
‘speak’ in a particular interaction timestaéfpmay still be ‘spoken to’ by other farms that do
participate). Once information is collected, farms update a ‘cue list’, which stores a similari-
ty measure (scaled from 0 to 1) of the other farms relative to themselves. Thistgimila
calculatedusing the mean deviation in parea yield when farms were making the same
choices (conventional, conservation, or cheat) in the samecyesr are scaled so that the

most similar farms have a cue of 1 and the least similar have a cu&gaih, updating of

farms is asynchronous.

Loop 2

Nested loop
of all farms j
within

interaction
step k

Figure 3 — Loop 2 (Information)

Once the farm has updated its information, it then reconsiders its planned &atithe p-

coming decision time step. A set of n different options, including the current land gse;
erated, and the farm generates an estimate of the expected utility of each oplioogsée
Submodels). There are three different actions possible for a plot, so that a farm composed of
w plots has 38 different configurations possible, only a small setof which are considered

in a particular turn. Based on the outcome of this evaluation, farms update theid@zanne
tions for the upcoming decision time step. If the planned or current actionsaiiciund)
conservation practice, or cheating, farnsogrovide an ‘encouragement’ or side payment to
neighboring farms to encourage them to also ad@mtcheat) (se&ubmodels).

After all interactions have occurred, Loop 3 cycles through all farms to updatkatiteuse
and, ifapplicable pay transaction costs for changing land use andoteoy side payments
from farms(Figure 4). Updating of farms is asynchronous.



Loop 3

Figure 4 — Loop 3 (Actions)
4. Design concepts

Basic principles

This model brings together theories of bounded rationality (Kahneman, 2003; Rubenstein,
1998) risk aversion(G. Feder, 1980; Tanaka, Camerer, & Nguyen, 2010), and expected util

ty (Gershon Feder, Just, & Zilberman, 1985) to construct a decision model for rufal smal
holders in developing countries. In turn, this decision model allows farms to ¢oftaet

mation, trial the conservation practices on their farms, and eventually they maggadopt
greater degreeskey principles of adoption theory (Ghadim & Pannell, 1999; Pannell et al.,
2006). Our sub-model for production under conventional and conservation practices embeds
understanding that conservation practices can lead to improved yields, but onlgraéidag

period (FAO, 2012; Pretty et al., 2006).

Emergence

Landscapescale outcomes of adoption level, as well as contiguity of adoption, and program
cost emerge out of the decisions of individual farms to adopt. Adoption can be understood in
this model as including early, majority, and late adopters, with the model also signdiati
sadoption.

Adaptation

Farms change their langse practices at the plot level, across three different options (conve
tional practice, conservation practice, and cheatisgeSub-models), using information from
their own experiencand the experience of others in their networks to identify options that
maximize expected utility.

Objectives
Farms act to maximize expected utility from farm production and program payments

Learning
Farms exchange observations on crop performaatbeother farmers.

Prediction



Using observations from other farms as well as their own experience, farms estimate the e
pected utility of different landise options (se®ub-models).

Sensing

Farms are able to interact with other farms to exchangematen about past crop exper
ences; additionally, farmers are aware of program conditions (value and lengtivehiion-

al and agglomeration payments) as well as how their immediate neighbors areevalitse th
ferent options they have considered. Farmsadéso aware when neighbors have made offers
to them that are conditional on adopting conservation practice (or cheating). féhtse a
only environmental variables used in the estimation of expected utility.

Interaction
Farms interact with other fiaas probabilistically during each interaction time step; when an
interaction occurs, farms share their list of past experiences in cropping withtle@ich o

Sochasticity
Stochasticity is employed in the model in the following ways:

¢ Initial sizes and lod#&ns of plots are drawn randomly, and are assigned randomly to
farms

e Farm characteristics, including discount rates and risk coefficients, are drawmfando
ly

¢ Rainfall for each plot is drawn randomly in each decision time step

e The set of possible options for consideration in each interaction time step is drawn
randomly

e The observation data used to estimate expected utility in each draw, for eachsoption i
selected randomly

e The time path along which neighbors are imagined to adopt, for each draw of each op-
tion, is generated randomly

e The estimated cost of nudging neighbors to adopt is drawn randomly

e The initial offer made to neighbors to encourage them to adopt, as well as the amount
to update offers, is drawn randomly

e The ordering with which farms go througte interaction time step is random

e Whether farms interact with each other in an interaction time step is dravabpissb
tically

e Whether farms leave the landscape in a given turn is drawn randomly

Collectives

Farms are linked to other farms in the landscape via links whose strength scales from 0
through 1; a 1 indicates 100% probability that the two farms will interact to sharmation
in a given interaction timestep.

Observation
All individual farm data ee stored in model output; our analyses make use of aggregate lan
scapescale outcomes of i) program costs and ii) area under conservation pra&idanev

5. Initialization

At initialization, a landscape of plots is randomly generatgith fractionfs; of the landscape
made up of plots with radii drawn from [ piot, Orpiod. PlOts are randomly assigned into farms
of [Hnum plots Snum plord €ach, and all other characteristics of the farrsk behaviors, network



link strengths, etc. (TablB are generated and assigned to the farms. The model proceeds up
to timestepiio sart With all plots using conventional practice. From timest@psar: through

toilot end, @ SUbset ofiio: farms are selected to ‘participate’ in a pilot projeicthe conservation
practice. Participation of these farms is achieved by manipulating the percéiedet

rived from conservation practice, such that they choose an option for their farncthdes

either i) conservation practice or ii) ‘cheating’ on at least one of their plots; e\ uti-

ity is held high for this option for the duration of the pilot so that these farmers olyssdse

from conservation practice and cheating and store them in memory. Through this nmechanis
knowledge abuot the conservation practice as well as cheating is inoculated into the lan
scape.

As outlined in Table 1some model parameters are fixed across all simulations presented in
the current study, while others vary. Specifically, parameters for the potiaphes in the

table are varied systematically over a fixed parameter range, with envir@h@aestarm
parameters drawn randomly from a range and then held fixed over one complete sweep of
simulation runs through the policy parameter values. In thisaabsnodel, parameter values
are not meant to be pegged to particular literature values, and are largedyyarbi

6. Input data
The model does not use input data to represent time-varying processes.
7. Submodels

Land use choices

Plots may take one of three statdy conventional practice, ii) conservation practice, or iii) ‘cheating’
— claiming to do conservation practice in order to receive program payments but asbiralyo-
ventional practice. Farms do not choose the state of each plot directly; rahehdose among
different portfolios in a randomly generated set of options, where each portfoliseefsra random
configuration of their plots with these three states. The actual productiorohsfiir these three
states are as follows:

*  Y.omentona =(600+1- Rainfall) (1+1.2- Soil)(1+1- Efficiency)

. |, - (in® 8easons)) 2 0.7, Rainfalt)(L+1-Soit)(1+1.2- Effciency)
Y pecting = (600 +1- Rainfall)(1+1.2- Soil )(1+1- Efficiency) —(rand() < p,,, ) - Penalty

These production functions are not tightly calibrated to actual production functioms\veut
the following structural characteristics:

e Yields for conservation practice are similar to conventional practice, bitsightly
higher, ii) slightly less sensitive to the soil quality (plot specific) and iiihdlygnore
sensitive to the technical efficiency (farm specific)

e Yields for conservation practice are only fully realized after continuous addpti
many seasons

e Yields for cheating are the same as those for conventional practice, thougk there i
penalty that may be assessed if the cheating is caught (determined prolalyi)istic

These characteristics embed the notions of conservation agricultural practice reduging
tivity of the yield to the environment, but requiring more from the farmer.



Expected Utility

The calculated expected utility for a plage portfolio is the measiby which farms compare
different portfolios and select the use of their plots for the upcoming turn. For dipartfo
evaluated by farm the expected utility is:

1+d]')

Tj _(
anrawsc Znyears Pi,w,m
w=1 W Lij=1 rj

UJ,m = chirlaws cw
wherengans IS the number of independent estimates of the utility time path made by the farm,
Nyears IS the length in time periods of each time path consid&eggh is the net value in year
expected to be earned from portfatusing estimates of past yields from the farm(s)-co
sulted for time pathv, andc,, is the weight applied to the time pattbased on the similarity

in past performance of the farm(s) consulted for time wat#lith farmj. Similarity is cal@-

lated as the measguare deviation between farms in-pega yields for the same actionifeo
ventional, conservation, or cheat) undertaken in the same year; the wgigtdscaled so

that the most similar farms have a weight efHile the least similar have a weight of 0.

The net valué; ,,, is calculated as:

Nplots

Piywm = Z Yeiw,a + Bijija — Oi
k=1

whereYyw,a is the estimated yielfbr plotk, using experiences from the farm(s) consulted for
time pathw and given land use choieeB;ja is the sum of agglomeration and base payments
for plotk in periodi given the land use choieeand an expectation of the number of neigh-

bors that would have adopted by yeandQ; is the estimated sum of offers tiveould have

been made to neighbors in order to encouthgie adoption forward (sencouragement
submodel). For a given neighbor that has not yet adopted conservation practice, the expecte
offer out is drawn as a random value between 0 and the difference between the perteived va
ue of their current portfolio, and the lowest-valued portfolio considered by the teing d

their past turn that includes conservation practice. That is to say, in egjithaiinown &-

pected costs for nudging, the farm assumes they would need to provide some frabhgon of t
necessary amount to make conservation practice the most appealing optiont{iioie —

only the estimation aéncouragementsed for the farm’s expected utility; the acteatou-
agementsnade are expined in theEncouragement submodel).Forthe first period in the

time path, the net value would also include offers received byjfaomditional on adoption,

and any costs associated with switching the-lagel choice for pldt.

The algorithm for calglating expected utility is summarized as Loop 4 (Figure 5)



Loop 4

Nested loop
through all
random
draws m for
option n

Figure 5 — Loop 4
Encouragements

An assumptionn this model is that where farms stand to benefit from additional agglomeragion pa
ments when their neighbors also adopt conservationigggor cheat), they provide an ‘encousag
ment’in the form of an offered side payment to neighbors that have not yet adopted, conditional on
their adoption of conservation practice. Some farms will honor the offerrieilgbbor cheats rather
than adopts; this a farmspecific parameter drawn at initialization and fixed for the duration of the
simulation.

Farms make or update their offers to +amlopting neighbors at the end of every interaction loop in
which their intent for the upcoming season includeseoration practice or cheating (Loop 2). The
maximum amoun®y.,; a farmj will offer to another farm is farrspecific, and is some fraction of a
singleseason’s agglomeration payment value between 0 and 1. The first offer made byta tarm
new, noradopting neighboring farm is a random fractiorOgfy;; subsequent offers made to the same
farm update the offer by an additional, randomly drawn fraction, up to the maxinfOyg,of

When farms adopt conservation practice, or when they cheat (in the case that theciang tbiém a
side payment will honor the offer under cheatitiggy receive outstanding offered side payments
from those farms that had offered them.

Rainfall
Rainfall is treated very simply in this modethe same static normal distribution is used to dramrai

fall for each plot in each year. As rainfall is psqtecific, there is room in model extensions to explore
different spatietemporal relationships for rainfall, but in the current model it is kept verylsimp



Table 1 — Modeling parameters used in experiments

1C

Modeling Parameters - Varied in Monte Carlo Analysis Minimum Maximum Units
Number of interaction steps per decision time step 5 9 /year
Rainfall Mean 250 500 mm/year*
Rainfall SD 50 100 mm/year*
Number of time steps / years considered in estimating expected

utility 15 25 year
Transaction cost, switch to conservation practice 50 300 dollar*
Transaction cost, switch to conventional practice 50 300 dollar*
Average link strength for network 0.3 0.8 -

Plot Radius Mean 50 80 m*

Plot Radius SD 20 80 m*
Network link Kernel Radius 500 2000 m*

Plot Soil Quality SD 0.05 0.1 -

Farm Discount Rate Mean 0.02 0.1 -

Farm Discount Rate SD 0.01 0.05 -

Farm CRRA Mean 0.5 1.25 -

Farm CRRA SD 0.1 0.3 -

Farm Participation in Interaction Step Mean 0.9 -

Farm Participation in Interaction Step SD 0.1 0.2 -

Number of random draws to calculate expected utility 10 20 -
Perceived likelihood of a given neighbor adopting, for use when

estimating expected utility 0.3 0.7 -

Number of plots per farm Mean 2 -

Number of plots per farm SD 0 3 -

Number of options considered Mean 6 14 -

Number of options considered SD 1 3 -
Probability of leaving landscape 0.01 0.04 -

Farm technical efficiency SD 0.05 0.1 -
Probability that a farm honors an offer to a neighbor that cheats 0 1 -
Modeling Parameters - Fixed in all simulations Value Units
Fraction of landscape filled 0.6 -
Landscape X 3000 m*
Landscape Y 3000 m*

Years in simulation 30 year
Number of sponsored pilot study members 10 farm

Start year for early adoption pilot -

End year for early adoption pilot -

Length of subsidy 6 years
Modeling Parameters - Varied in Policy Sweep Minimum Increment Maximum Units
Base Payment 0 20 100 dollar/year*
Agglomeration Payment 0 20 100 dollar/year*
Penalty for Cheating 1000 500 2000 dollar/year*
Random monitoring Probability 0.2 0.2 0.8 -



Sensitivity Analysis

This sensitivity analysis across social and environmental variables in our model was
used as a basis for developing the Monte Carlo Analysis used in the current study.

As part of a team discussion, study authors identified 26 of the 36 tested variables as
appearing (visually) to have an impact on the outcomes of interest (area under
adoption, and program spending on payments). The ranges for these 26 variables
used in the Monte Carlo Analysis are detailed in Table 1 in the main paper.
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End of early adoption period
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Interactions per timestep
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Likelihood of being caught cheating
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Mean Number of LU Combinations
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Mean R value (for evaluating yield)
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Mean soil quality—farmer efficiency
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Probability to Leave
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Scaling factor for strength of network links
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SD Farmer Technical Efficiency
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SD property size
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Start of early adoption period
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Transaction cost to Conservation Ag

Program Cost Offers Taken
100 T T T T T T 15 T T T T T T
80 T
100
101
eof /M N | 800
----- 1200
40+ i
0 \/ 5 -
201 a
0 L 1 1 1 1 1 0 1 1 1 1 1
5 10 15 20 25 30 5 10 15 20 25 30
Penalties Income
300 T T T T T T 8000 L~ _Lv - B —— ' T T
6000 - a
200 [
4000 a
100
2000 i
0 L 0 1 1 1 1 1 1
5 5 10 15 20 25 30
Bonus Payments Base Payments
40 T T T T T T 60 T T T T T T
301
401
201
201
101
0 L 0 L 1 1 1 1 1
5 5 10 15 20 25 30
Total Area of Adoption Contiguity of Adopted Area
0.4 T T T T T T 0.4 T T T T T T
0.3r § 0.3r
0.2} i 02}
01} . 01
0 1 1 1 1 1 0




Transaction cost to Status Quo
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Years looking forward in discounting
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Appendix C — Supplemental Figures

Data for simulations with no side payment mechanism come from 301 Monte &arleach including a 6x6x4x3 sweep of the
policy variables, for a total of 130,032 modeling runs.
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Figure Al: Contiguity of plots adopting conservation practice in simulations with no side panent mechanism, as function of
total program spending on payments (X axis, along left axis within each panel) @mthe percentage of payments coming as
agglomeration payments (Y axis, along righéxis within each panel), for three different conditions of monitoring effectiveess
(Low — per-area penalty of 1000 and chance of being caught 0.4; Mediunper-area penalty of 1500 and chance of being
caught 0.6; High— per-area penalty of 2000 and chance of being caught 0.8). Surface is irregularly shaped aghhx- and y-
axis variables are modeled outcomes, not input variables. Spending on paymemXsakis) is re-scaled to range from 0 to 1.
Contiguity is calculated as the fraction of planted area irthe neighborhood of an adopting plot, that is also adopting
conservation agriculture (where neighborhood is the radius defined by the agglaration payments program).
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Figure A2: Proportion of total plot area adopting conservation practice in simulatiols with no side payment mechanism, as
function of total program spending on payments (X axis, along left axis within eaganel) and the percentage of payments
coming as agglomeration payments (Y axis, along right axis within each panel), fitiree different conditions of monitoring
effectiveness (Low- per-area penalty of 1000 and chance of being caught 0.4; Mediunper-area penalty of 1500 and chance
of being caught 0.6; High —per-area penalty of 2000 and chance of being caught 0.8). Surface is irregtyashaped as both x

and y-axis variables are modeled outcomes, not input variables. Spending on payrte(X axis) is rescaled to range from 0 to
1.
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Figure A3: Relative fraction of proportion of total plot area adopting conservation pratice attributable to side payments, as
function of total program spending on payments (X axis, along left axis within eaganel) and the percentage of payments
coming as agglomeration payments (Y axis, along right axis within each panel), fttrree different conditions of monitoring
effectiveness (Low- per-area penalty of 1000 and chance of being caught 0.4; Mediunper-area penalty of 1500 and chance
of being caught 0.6; High —per-area penalty of 2000 and chance of being caught 0.8). Surface is irregulaslyaped as both x
and y-axis variables are modeled outcomes, not input variables. Spending on payrtge(X axis) is rescaled to range from 0 to
1. Relative fraction is calculated as (A - A sidd/Ano_siceWhere A are the values from the adopted area surfaces in Figure 4,
and Ano_sidzeare the values from the adopted area surfaces in Figure Al from the values in surfaced~gjure Al.
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Figure 5: Proportion of total plot area under conservation practice in simuléions with no side payment mechanism, as
function of spending on payments and the likelihood of being caught, for several sels of data: A) all model cases where
agglomeration payments are 0 (with base payments spanning 0 to 100), B) all model caglesre base payments are 0 (with
agglomeration payments spanning 0 to 100), C) all model cases where base paymerggi@r and D) all model cases where base
payments are 80. Color (from blue through red) represents proportion of totalr@a under conservation practice; contours of
same color have same level of area under conservation practice. Black dashed line represém maximum program spending
in model cases with only base payments. The “thaped" contours in BD (absent in A) indicate that different combinations

of monitoring effort (proxied by the likelihood of being caught) and agglomeration payments may lead to the sameoation
area. For example, the maximum area using base payments only (at a cost of 0.375 and moimi¢gpeffort of 0.4) in A, can be
achieved with base and agglomeration payants at half the cost (~0.18) at the same monitoring effort in B, or at a higher cost
with lower monitoring, or viceversa. Surface is irregularly shaped as yaxis variable is a modeled outcome, not an input
variable.
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