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Abstract: In spite of a growing interest in organic agriculture; there has been relatively little
research on why farmers might choose to adopt organic methods, particularly in the
developing world. To address this shortcoming, we developed an exploratory agent-based
model depicting Philippine smallholder farmer decisions to implement organic techniques
in rice paddy systems. Our modeling exercise was novel in its combination of three
characteristics: first, agent rules were based on focus group data collected in the system
of study. Second, a social network structure was built into the model. Third, we utilized
variance-based sensitivity analysis to quantify model outcome variability, identify
influential drivers, and suggest ways in which further modeling efforts could be focused and
simplified. The model results indicated an upper limit on the number of farmers adopting
organic methods. The speed of information spread through the social network; crop yields;
and the size of a farmer’s plot were highly influential in determining agents’ adoption rates.
The results of this stylized model indicate that rates of organic farming adoption are highly

sensitive to the yield drop after switchover to organic techniques, and to the speed of
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information spread through existing social networks. Further research and model
development should focus on these system characteristics.

Keywords: organic agriculture; agent-based modeling; sensitivity analysis; social
networks; Philippines

1. Introduction

Acreage under organic farming methods is increasing globally, as government support for organic
farmers and market demand for organic products grows [1]. A major driving force behind both of these
trends is the recognition of the negative impacts of chemically-intensive farming methods on the
environment and human health [2,3]. Approximately one-third of global land under organic production
is located in the developing world [1]. In many developing nations, agricultural production is dominated
by smallholder farmers, who often lack access to crop insurance or inexpensive credit. Some have argued
that organic agriculture can benefit smallholder farmers by eliminating their reliance on expensive, fossil
fuel-derived chemical inputs [4]. Organic farming therefore could make smallholder farmers more
resilient to input price shocks, which are a significant source of insecurity for them [5]. This argument
is bolstered by research from the United States, which indicates that organic farmers spend less on inputs
than conventional farmers [6]. Policy makers, extension agents, and non-governmental organizations
that serve developing-world farmers need a clear understanding of farmers’ motivations and challenges
in converting to organic agriculture, so that efforts to promote organic farming will be maximally effective.

Few organic adoption studies to date have portrayed a dynamic and complex decision environment,
rather than a static snapshot of farmer decision-making [7]. Farmers’ demographic characteristics, their
economic motivations, their concern for the environment and for their families’ health, all interact in
complex and heterogeneous ways as they consider their options and choose their production method.
Moreover, farmers’ choices may be different year to year, depending on the decision context. They may
choose to convert to organic, and then return to conventional methods when their situation changes.
Most previous studies have not taken advantage of modeling tools that could portray this type of
decision-making in dynamic contexts, such as agent-based modeling (ABM).

ABM has been used extensively in studying land-use conversion decisions, and has provided insights
into how decision/environment feedback loops operate to produce non-intuitive outcomes [8—15].
Another advantage of ABM is its ability to represent the dynamics of social influences and information
propagation through social networks via peer-to-peer, or “word-of-mouth”, communications [16,17].
Previous studies have found that a farmer’s source of information about farming and organic techniques
influences his or her decision to adopt organic methods [18]. Peer-to-peer sharing through social
networks can be an important source of information for farmers [19]. Modeling the spread of information
about organic agricultural techniques through social networks could therefore provide insight into how
best to promote these technologies and support farmer adoption.

ABM has been successfully applied to agricultural systems all over the world [20-22], to study the
complex interactions between farmers, global and regional crop markets, and biophysical (especially
hydrological and crop-soil) systems [8,13,20,23,24]. Agricultural applications vary from new practice
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adoption [8,14,20,24-27], changes in agricultural production and its viability [14,25,28], the impact
of different decision making practices on agricultural land use/land cover change [14,23,25,28],evaluation
of landscape structure [13,28], farmers’ imitative behavior [8,29], and explicit analysis of agricultural
policies [8,20,30]. For example, Berger [8] uses the concept of innovation diffusion to study various farming
production alternatives and their influence on local hydrology in Chile. Happe et al. [30] present an ABM
for agricultural policy analysis of different farm structures in Germany, Schreinemachers et al. [31]
build an ABM to analyze the diffusion of greenhouse agriculture in Thailand, and Evans et al. [25]
develop an empirically-rich ABM to explore the transition from shifting cultivation to rubber
production in Laos. Many researches stress the usefulness of ABM to represent the diversity of
farmer decision-making [13,20,27,30].

Of particular interest to our study are ABM applications that simulate organic farming adoption [26,27].
For example, Kaufmann et al. [27] develop an agent-based model of agricultural decision making that
utilizes the theories of planned behavior and innovation diffusion, coupled with a survey-informed social
network sub-model, to evaluate the diffusion of organic farming in Latvia and Estonia. The goal of their
modeling exercise is to test how the economic changes are intertwined with agent-agent interactions in
the formation of beliefs concerning the transition to organic farming. They conclude that mere social
influence is not sufficient when modeling conversion from traditional to organic farming. Without
exogenous economic factors, in the form of subsidies, “organic farmers remain organic, and
conventional farmers remain conventional” (p. 2589). In a comparable study, Deffuant et al. [26]
develop an ABM to model organic farming in a selected region of France. The novelty of their approach
lies in introducing an auxiliary institution agent that evaluates the farm potential and assists the farmer
in the decision to go organic. Similarly to Kaufmann et al. [27], they conclude that organic farming
adoption results from complex interactions between economic and social processes.

In this paper, we define ABM as a simulation environment composed of heterogeneous computational
entities (called agents) that represent Philippine smallholder farmers, for the purpose of exploring group
dynamics around organic agriculture adoption. The agents are situated in a common agricultural
environment of an upland paddy rice system, where organic farming practices are being actively
promoted by a local non-governmental organization (NGO). Agents’ decision making to adopt and
maintain organic agriculture is constrained by limited access to information about the optimal farming
strategies and the economic resources available. The agents are driven by their individual goals and social
behaviors, and they constantly adapt to changing agro-economic and ecological conditions [8,12,32].
Previous agricultural ABM research suggests that, to account for a fuller complexity of farmer decision
making and provide room for experimentation aimed at sustainable resource use, agent behavior should
be informed by both normative science (economics) and social science that more realistically represents
the actual resource-use decision making [33]. Thus, in our model, the socioeconomic micro-decisions of
agents, strengthened by the interactions among them, generate macro-structures of the system including
the level of organic farming adoption. The goal of this structure is to determine how landscape-scale
patterns of adoption emerge from individual farmer decision-making.
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2. Study Area and Research Questions

The Philippines, like many countries in the developing world, has passed legislation supporting
organic agriculture, citing its benefits to human health and the environment [34]. Acreage under organic
agriculture has risen steeply in recent years, from approximately 3500 hectares in 2004 to
52,400 hectares in 2009 [35]. This represents only 0.6% of the country’s 9.2 million hectares of
cultivated land area. The Philippine commitment to organic agriculture is nonetheless significant, given
the country’s history of promoting chemically intensive technologies to raise yields of rice, a staple
crop [36]. Achieving self-sufficiency in rice production is another important goal of the Philippine
government (the country consistently ranks as one of the top five rice importers) [37]. This necessitates
the country increasing rice yields to the levels of some of its more productive Asian neighbors [38].
Achieving both higher rice yields and greater amounts of land under organic production will require
investments in programs that target smallholder farmers, who constitute the majority of rice producers in
the Philippines.

We chose Negros Island, in the central Philippines, as a study site (Figure 1). The island is located
in the country’s agricultural belt; major crops include sugarcane, maize, rice and coconut. While the
rice-growing areas just north of Manila are known as the country’s rice bowl, rice lands on Negros are
also highly productive, according to the Philippine Bureau of Agricultural Statistics (www.bas.gov.ph);
three harvests per year are standard.

Figure 1. Map of the Philippines showing location of Negros Island where the farmer focus
groups were conducted in an upland rice-growing area.
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The Negros Institute for Rural Development (NIRD) is an internationally funded and locally governed
NGO, which has been promoting organic agricultural techniques in an upland rice producing area on
Negros since 1999. The municipality of Canlaon, where NIRD is located, is therefore an ideal location
for studying the spread of organic technology adoption. According to NIRD staff, some farmers in the
area have adopted organic techniques and used them consistently, while a larger number of farmers
converted to organic methods but then went back to conventional methods after some time. This presents
an intriguing research question which we addressed in our model: Why do some farmers on Negros go
organic, while others do not? Put another way, what are the driving factors determining the rate of
organic adoption over time which Negros has experienced?

3. Data Collection
Focus Group Discussions and Model Parameterization

We collected both qualitative and quantitative data from the study site to parameterize the model.
We organized focus groups in November, 2010, to assess the state of organic agriculture adoption in the
Canlaon region, and to identify barriers to adoption. Because NIRD introduced organic methods to this
region and conducts periodic workshops and trainings in organic techniques, they are in contact with
most of the organic farmers in the area. Ten farmers who had practiced organic methods for at least the
past three years were able to attend the focus group sessions, and we constructed groups of similar size
to represent conventional farmers (eight participants) and farmers who had tried organic farming but had
returned to conventional methods (ten participants). Organic farmers were over-represented in this
sample compared to their presence on the landscape, because the purpose of the focus group exercise
was to examine the motivations and decision processes of farmers who choose to go organic.

The groups were asked to discuss the questions: (1) Why do you farm using your chosen method
(organic/conventional)? (2) What are the benefits of using your chosen farming method? and (3) What
are the challenges of using your chosen farming method? A note-taker was present in each group to
record key concepts as the discussions took place. Afterward, the three groups were brought together in
a common forum to share their observations and ask one another questions. These sessions were
recorded and coded using three categories (Farm Characteristics, Organic Adoption, and Challenges)
and fifteen sub-categories (farm size; family size; years farming; general history (any information about
the farm not covered under other categories); markets (where farm products are sold); off-farm income;
livestock; fertilizer use; history using organic; perceived benefits of organic; characteristics of organic
(aspects of organic technologies that farmers discussed, other than benefits); pest management;
yield; knowledge of organic; labor). All conversations took place in Cebuano-Visayan, the local
language. The model decision structure represented in Figure 2 was developed to reflect, as closely as
possible, the decision-making process around organic conversion described to us by farmers. Both
organic and conventional farmers agreed on the importance of an “experimentation” period for organic
conversion, in which they would grow organically on one portion of land to test the efficacy of this
method. In addition, all farmers agreed that, in order to farm organically, one has to know how to use
organic methods and be able to bear the initial cost of changeover from conventional to organic methods.
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Figure 2. The decision-making process used by farmer agents in the agent-based modeling
(ABM). In order to experiment with organic agriculture (plant half of their land using organic
methods), farmers must have knowledge of organic techniques. Once they begin an
experiment with organic techniques, they wait a certain number of rice seasons to compare
their yields under organic production with their yields under conventional production. The
number of seasons they are willing to wait is designated by “patience”, a characteristic of
each farmer agent that describes his/her dedication to organic production. After the finished
experiment, they evaluate both methods while considering the risk imposed by external
climatic and economic conditions. Then they chose which method to adopt.

From June 2010 through December 2010 (the length of one cropping season), NIRD field staff
assisted the authors in collecting information on crop yields and farm size from the farmers who
participated in the focus groups. A total of twenty-eight farmers participated in this data collection
(ten organic farmers, eight conventional farmers, and ten mixed-method farmers). “Mixed-method”
refers to farmers who at some point have tried organic farming, but do not do so consistently and may
have reverted to conventional farming at the time of data collection. This sample was not intended to be
statistically representative for the larger population of rice farmers; rather, the information was to be
used to develop the farm characteristics represented in the model.

The average farm size of the participants was 0.9 hectares (0.63 ha for the organic group; 0.85 ha for
the conventional group, and 1.1 ha for the mixed-methods group). This is smaller than the 2.8 ha average
farm size for the island [39]. Given the highly unequal distribution of farm acreage between large-scale
sugarcane plantations and smallholder rice and vegetable farms on Negros Island, the average farm size
of the study participants represents the landholdings of small-scale farmers [40]. The average yield for
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one cropping season reported by the organic group was 3.0 MT/ha; for the conventional farmers it was
5.4 MT/ha; and for the mixed-methods farmers it was 4.5 MT/ha. We believe the organic yields were
lower for two reasons: first, some of the organic farmers reported that access to organic fertilizers was a
problem, and they may not have been adding adequate levels of nutrients to ensure yields. Secondly,
some of the farmers who converted to organic methods in the recent past may have been suffering from
the initial yield loss at changeover (see below for more information). However, we would caution against
using one cropping season’s data from a limited sample of farmers to depict an overall pattern. For this
reason, we used a wider yield distribution drawn from regional datasets to parameterize our model
simulation.

Among organic farmers who participated in the focus group, concern for the environment and for
their family’s health were agreed to be key reasons for choosing organic methods. Participants also noted
that organic methods reduce input costs and therefore improve net profit. In addition, ducks and fish can
be integrated into paddy rice production when organic methods are used, while chemical herbicides and
pesticides are harmful to these animals. The incorporation of animal agriculture/aquaculture with rice
production was clearly seen as desirable by organic farmers, who mentioned the enhanced productivity
that this integration affords, and the weed and pest-controlling characteristics of ducks. These observations
are consistent with literature studies of paddy rice agriculture elsewhere in Asia [41]. Price premium for
organic rice was not a determinant in the choice of organic methods for focus group participants, because
the farmers do not have access to customers who might be willing to pay a premium.

Farmers who used conventional techniques, or who had switched between organic and conventional
techniques, were not as strongly devoted to their method of production as the organic farmers. In fact,
most of the farmers in these groups stated that they try to incorporate some organic techniques, such as
mixing animal manure with chemical fertilizer, or using organic pest control methods. The most
significant barriers to organic farming mentioned were labor requirements (mainly for composting and
weeding), lack of nutrient inputs (particularly for farmers without animals), and lack of information
about organic techniques. Some conventional farmers, but not all, believed that high-yielding varieties
of rice (HY Vs) were preferable to traditional varieties for their consistent high yields, and these HY Vs
require chemical pest control. Farmers also stated that they are sometimes forced to use chemical inputs
by creditors, who view these inputs as necessary to guarantee their return on investment. Although we
didn’t explicitly model this requirement as part of the simulation, we noted that without access to credit,
most farmers would not be able to produce. This statement is therefore well worth further examination
in the context of promoting organic agriculture.

4. Methods
4.1. Agent-Based Model

The ABM simulates a virtual farming area containing 2500 farmer agents who must choose between
organic and conventional farming methods over the course of 100 cropping seasons (approximately
33 years). We chose the number 2500 because this is a reasonable approximation of the number of rice
farmers that live in the Canlaon region; this number therefore represents the “upper limit” of organic
diffusion, if all farmers were to adopt organic technologies [39]. Each farmer agent represents a farm
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household, and all agents operate in a virtual “social space” (a concept which is relevant for the social
network learning described below), but the model is not spatially explicit. We built the model using
Repast Simphony software and programmed it using Java language. The farmer agents all have the same
decision-making rule (see Figure 2), but since their attributes are different, their decision outcomes are
also different. This decision-making framework was developed based on the focus group discussions,
and reflects the considerations of the farmers as described in the groups.

4.1.1. Farmer Agent Specification

The literature on organic farming adoption indicates that economic benefits can be a significant driver
in farmers’ decisions to convert to organic methods [42]. Several studies have also pointed to farmer
characteristics that influence whether farmers choose to convert to organic methods. These include age,
gender and education of the producer [18,43]; farmers’ social and ecological values [44,45]; sources of
information about farming [18]; and, possibly, the desire to become more resilient to input price shocks
or climatic shocks [46]. All of these empirical observations were used during agent conceptualization of
our ABM of organic farming, together with the focus group results.

The agents were assigned values for land area, animal ownership, and number of people in the
household (corresponding to household food demand and labor availability), taken from the range of
observed values for these variables in the field and in Philippine agricultural statistics, and assuming
a uniform distribution across the range [47] (See Table 1 for range of values assigned to agent
characteristics; more details about the model and its parameterization can be found in Supplementary
Section 1). We used uniform distributions for all our input variables because the small sample of
participants that served as the source of input to our agent attributes was insufficient to generate more
complex empirical probability density functions. The rationale behind this distribution is that it requires
at most two parameters (i.e., upper/lower bounds) identified from data. Initial capital assets were also
randomly distributed across a uniform range, but after the start of model simulation capital assets were
calculated for each time step based on yield.

We constructed a stylized social network for the farmer agents to represent the ways in which
farmers influence their social connections and share information about organic techniques. The structure
of the network was informed by qualitative data (i.e., how farmers described receiving information).
The farmer agents were assigned values for “social reach”, the unitless maximum distance between
nodes which, in this case, were connected farmers (i.e., the extent of influence). Any two farmers within
each other’s social reach were connected by a link. Each link creates a dyad and each farmer in the dyad
is a social connection to the other. These links were the channels through which the model passed
information about organic methods; farmers could not experiment with organic techniques unless they
were connected to a farmer who already used them. The links represent the farmer’s social influence on
his/her networks. The values of social reach were initially set at 5, and then drawn from a uniform
distribution during our computational experiment of sensitivity analysis, because we did not collect
information on the structure of the social network at the field site [48].
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Table 1. Factors (parameters) used in the model with their respective probability
distributions (U—continuous uniform, D—discrete uniform).

Input Factor Definition and Units Distribution
Area of land (a) Hectares U =(0.25, 10)
Labor availability (la) People in household D={1,2,3,...,8}
Social reach (sr) Distance in agent’s social space (unitless) U=(5,25)
Social influence (si) Density of social connections among agents D={1,2,3,...,30}
Animal ownership (ao) Proportion of farmers owning animals (unitless) U=(0,1)
Patience (p) Number of farming seasons (3 seasons/year) D={1,2,3,...,15}
) Attitude towards risk related with
Risk taken (1) ] ] ] ) U=(0,1)
the adoption of organic farming (unitless)
Cost of conventional fertilizer (ccf) Philippine Pesos per kilo U = (40, 400)
Cost of organic fertilizer (cof) Philippine pesos per kilo U = (40, 400)
Average cost of other conventional input (coci) Philippine pesos per hectare U = (3000, 7500)
Average cost of other organic input (cooi) Philippine pesos per hectare U = (1100, 2900)
Average cost of labor (cl) Philippine pesos U = (6000, 13,000)
Average price of rice (p) Philippine pesos per kilo U=(7.44, 17.86)
Average yield (y) Kilos per hectare U = (1200, 6000)
Organic fertilizer threshold (oft) Hectares U=(0,10)
Land area for one labor (lal) Hectares/person U =(0.1,10)

Farmer agents were initially randomly distributed in unitless social space. To initialize the model,
we set up the network structure by applying Hamil and Gilbert’s methods [48]. A virtual grid space is
created with the dimension of 100 x 100. Therefore, the space is divided into 10,000 grid cells. Then
2500 agents are created, and each of them occupies a cell. Each cell can only contain one agent. The
values of the social attributes are initialized following the distributions mentioned above. After the
attributes are set, agents are connected based on the values of social reach. Any two agents a and b are
connected if Equation (1) is satisfied.

distance(a,b) = /(xq — xp)? + (Vg — V)2
< min(social reach(a), social reach(b))

(1

The model was “seeded” with between 5 and 10 organic farmer agents. This is representative of the
pioneer smallholder farmers in the Canlaon region who learned organic farming through NIRD when
the NGO first was established there. Figure 3 depicts the social network for one model run.

Farmer agents were also assigned a value for the attribute “patience”, and a value for “risk attitude”.
The patience attribute represented the number of rice cropping seasons a farmer was willing to experiment
with organic methods before comparing his or her net profit under organic farming with net profit
under conventional methods. “Patience” therefore represented all of the values a farmer might hold that
might prompt him or her to consider organic farming, even if it was not initially as productive as

conventional farming.
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Figure 3. Social network depicted at the end of a model run with the “social reach” variable
set at 20. The agents are distributed randomly in social space; circles represent farmer agents,
and lines represent social connections between the farmer agents.

“Risk attitude” was an index assigned to each farmer agent reflecting their willingness to try a new
farming method after their field experiment (in this case, organic farming). This index varied between 0
and 1 for each agent, and was compared to a randomly generated “risk index” between 0 and 1 for each
farming season, representing the time-dependent environmental riskiness of trying a new technology
(encompassing, for example, weather and economic conditions, political instability, ezc.). Notice that
“risk attitude” was only used to determine which farming method to choose when a given farmer agent
expected profit from both organic farming and conventional farming. If a farmer had a relatively low
risk attitude, indicating he/she was risk taking, he/she would be willing to try new technologies when
expected profits were both positive. Conversely, if a farmer had a relatively high risk attitude, indicating
risk aversion, he/she would almost never be willing to try organic farming. The qualitative and
quantitative evidence from the field support this depiction of conversion to organic methods as
a significant risk. Studies suggest an initial yield loss associated with organic conversion, which
represents a risk to a farmer’s income stream and household food supply [4].

4.1.2. Decision Algorithm

Before the start of each time step, a farmer agent must decide whether to experiment with organic
farming (Figure 2). This can only take place if the farmer is connected to other farmer agents with
adequate knowledge of organic techniques. The model assumes that this knowledge is disseminated
through the social network, so if a farmer agent is connected to a certain number of organic farmers or
farmers experimenting with organic techniques, he/she is able to begin an experiment. We assumed the
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number, which is called “influence threshold”, could be drawn from a discrete uniform distribution
between 1 and 8§, representing a minimum and maximum number of people a farmer might reasonably
turn to for farming advice. Once the condition was satisfied, the farmer agent would begin his/her
experiment. This means that he/she plants half of his/her land using the organic techniques and half using
the conventional techniques.

Input costs were calculated for each farmer agent using a given farming technique at each model time
step. These costs included the cost of fertilizer, the cost of other inputs, and the cost of labor (if labor
provided by the household was not sufficient). To simulate the fluctuation of input costs across the model
run time, the amount in Philippine pesos assigned to labor, fertilizer and input costs for a given time step
was drawn randomly from a uniform distribution based on data collected in the field and from the
Philippine Bureau of Agricultural Statistics (see Table 1). Conventional farmers must purchase all
of their fertilizer, but organic farmers may derive some of their fertilizer from composting agricultural
waste (such as manure and rice straw), and purchase organic fertilizer for their remaining needs.
We assumed that farmers with at least one hectare of land and one animal were able to produce all of
their fertilizer on-farm, up to 10 hectares (this threshold was based on empirical observations, and tested
with the sensitivity analysis described below). The amount of fertilizer applied was assumed to be up to
1.5 times the average nitrogen application for the region recorded in 2010 agricultural statistics (organic
and conventional fertilizer types are adjusted by their respective nitrogen contents), based on what the
farmer-agent could afford.

Yield was calculated as a function of the nitrogen application for either conventional or organic
methods, using a Michaelis-Menten equation applied to rice yields and fertilizer application rates from
provincial statistics:

yield = (land area x 1.00455easoncount s 48(0(
X fertilizer amount)/(fertilizer + 6.1)

)

where fertilizer amount is the maximum nitrogen application rate a farmer can afford, and seasoncount
is the model time step [49]. Data from the region indicate that conventionally grown rice yields increase
at a rate of 0.45% per season, and this annual increase was simulated in the model. When a farmer agent
switched their land to organic methods (or planted half of their land in organic methods as an experiment),
the modeled yield initially dropped by 50% before recovering at a rate of 5% per season to the yields
described by the Michaelis-Menten equation above. Therefore, after approximately 10 seasons (or three years),
yields for a farmer who had converted to organic methods would be no different than if he/she had
continued to farm conventionally. This initial yield drop represents a high estimate of initial yield losses
reported in field experiments by organic farmers, due to the need for soil organic matter and soil
chemistry to recover post-chemical fertilizer application [4].

A farm household consumes part of the rice (enough to feed the household members during the
cropping season) and sells the remainder, if any. The price of rice was also drawn randomly from
a uniform distribution based on recent farmgate prices reported by the Bureau of Agricultural Statistics
(see Table 1). The sale of the rice provides the capital input necessary for the rice season that follows.
It is important to note that organic rice is sold at the same price as conventionally grown rice in our
modeled environment, because farmers in the Canlaon region do not have access to markets at which
organic rice might fetch a premium due to transportation constraints.
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As mentioned above, each farmer agent was randomly assigned a value for the variable “patience”,
which represents the length of the experiment he/she conducts before comparing the net profit from
conventional farming methods to the net profit from organic farming methods and choosing the method
that is more profitable. In the model, this number ranged from one to 15 farming seasons (based on the
farmer focus groups, we thought five years would be the maximum amount of time a farmer would
experiment with an organic technology). The more “patience” an agent has, the more likely he/she is to
choose organic farming, because once the yields have recovered from the initial loss caused by switching
to organic methods, input costs tend to be lower for organic farmers, who can produce inputs on-farm
rather than buying them.

Based on the presented specification, our model can be placed somewhere on the continuum between
the highly abstract agricultural ABM that result in stylized simulations [29] and empirically-rich ABM
equipped with microeconomic mechanisms and complex agricultural markets [20,30]. This mixed
approach, combining observational and simulated data in computational experimentation, has been
successfully applied in other agricultural ABM [14,23].

4.2. Exploring Model Outcome Variability with Sensitivity Analysis

Sensitivity analysis of agricultural ABM is rarely undertaken. Notable examples include
Happe et al. [30] and Schouten et al. [S0] where regression-based metamodels are developed to evaluate
the influence of the uncertain model inputs on outputs. In their study, Schouten et al. [50] also employ
a simple one-parameter-at-a-time (OAT) sensitivity analysis and compare it with the regression metamodel.

The ABM described above is an example of a dynamic model that emulates a complex agricultural
system. It is, therefore, imperative to apply a simulation procedure appropriate to complex nonlinear
models, which would account for input and output variability as well as the potential input interactions.
Neither regression nor OAT meet these requirements. Crosetto et al. [51], Gomez-Delgado and
Tarantola [52], Chu-Agor et al. [53], and Ligmann-Zielinska et al. [11] among others, postulate the use
of Monte Carlo simulation that incorporates global sensitivity analysis (GSA) as a part of computational
experiments. GSA is a method of experimentation in which the variability of model results is quantified
based on simultaneous sampling of the whole set of input variables, which are then examined
individually and in combinations [54].

The most comprehensive method of GSA is based on model-independent output variance
decomposition, in which model outcome variability (represented using variance V) is apportioned to
various model inputs [54,55], so that the underlying causes of variable outcomes can be explicitly
identified. The procedure starts from generating M samples of input variable values using a selected
experimental design. The model is then executed for each sample m € M and the result is recorded.
These output values form a distribution which can be summarized using descriptive statistics like mean
and variance (V). GSA then uses output variance decomposition which partitions V based on the
contribution of each input variable to V. This partitioning (aka decomposition) is accomplished by
estimating the conditional variances of every input variable k. By calculating the ratio of conditional
variance due to k to the total V, we obtain a first order sensitivity index (Sk). If a given variable k has
a relatively high value of Sk, its single influence on output variability is substantial. To express the
interactions among variables, which are ubiquitous in complex system models, we also compute a total
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effect index for every k (STk), which accounts for all higher-order effects of inputs [56]. Consequently,
variables with relatively low values of the (Sk,STk) pairs are deemed unimportant in shaping output
variability and, in the consecutive experiments, can be set to constant values contributing to model
simplification. In addition, the (Sk,STk) pairs provide valuable information on the mechanisms that
affect the dynamics of the model and, consequently, can serve as quantitative indicators explaining
model drivers. For details on (Sk,STk) calculation the reader is referred to Saltelli ez al. [54].

To calculate the (Sk,STk) pairs we employed the quasi-random Sobol experimental design described in
Saltelli (2002), which proved to be the most effective in approximating the values of sensitivity indices [57].
To compute the indices, we used SimLab open source software (http://ipsc.jrc.ec.europa.eu/?id=756).

4.3. Computational Experiments

Following the quasi-random experimental design mentioned above, we employed Monte Carlo
simulation and executed the model M times, where M was set to 17,408 runs based on the procedure
described in Ligmann-Zielinska and Sun [58]. At the end of each simulation, we recorded the number
of agents who adopted organic farming (N) and compared that to the total number of farmers (T) in the
model using a simple ratio N/T, referred to as RATIO in the following sections. Given that the focus of
our experimentation is organic farming adoption, we set the number of farmers to 2500 (i.e., T = 2500),
with a time step of one cropping season, and ran the model for 100 seasons. The results were analyzed
in two ways. First, we compiled the RATIO values into a probability distribution and summarized it
using descriptive statistics (including average and variance). Second, we performed variance
decomposition of the RATIO distribution, and calculated Sk and STk for each of the 16 input variables
(a total of 32 indices plus an interaction index) to investigate the overall model behavior and determine
its critical drivers. The interpretation of the pairs of indices (Sk, STk) followed the procedure described
in Ligmann-Zielinska and Sun [58].

S. Results
Agent-Based Model

By the end of the model simulation, all farmer agents had the opportunity to experiment with organic
techniques, as the knowledge of organic agriculture spread throughout the social network.
Experimentation concluded by rice season 23, at which point all farmer agents selected a farming type.
The number of organic adopters in the model leveled out after experimentation in the model run using
default parameter values (Table 1, Supplementary Section 1) (Figure 4). This ratio of organic farmers to
total farmers was robust to the seasonal variation in labor, fertilizer, and input prices, as well as model-
simulated seasonal variation in yields, as indicated by the fact that after the initial decision period, the
ratio of organic to total farmers did not change significantly. This result is qualitatively similar to the
patterns of adoption reported to us by the NGO operating in the Canlaon region, and by the farmers who
participated in the focus group. Both NGO workers and farmers confirmed that, after an initial period
when many farmers seemed to be adopting organic methods, the adoption rate leveled off and most
farmers did not switch to organic despite learning about organic methods. This observation is similar to
the conclusion derived from the study by Deffuant ez al. [26] which suggests that, while sympathetic to
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organic agriculture, farmers did not convert to organic even though they were exposed to positive

messages from the public.
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Figure 4. Model output depicted number of organic farmers and number of conventional
farmers over the 100 cropping seasons simulated in the model, at default parameter values

(see supplementary for description).

The box plot in Figure 5 summarizes the distribution of RATIO. The Monte Carlo simulations result
in RATIO ranging from 0% adoption of organic farming to the maximum of 60% organic farming
adoption. The mean adoption of organic farming equals 31% of the total agent population, with a substantial

level of variability (std = 33%), which we analyze in the following section.
Sensitivity Analysis: Variance Decomposition of Model Results

The results of variance decomposition of the ratio of organic farmers to total farmer agents (RATIO)
are depicted in Figure 6. As mentioned above, model sensitivity to different inputs is analyzed separately
for their individual influence (Sk) and their total (STk) influence. With the first order sensitivity index
(Sk) we look for important input variables that, if fixed independently, would reduce the variance of
RATIO the most. In other words, the variables with relatively high S values have the most impact on the
variability of the adoption of organic farming. In our experimentation, the social reach (defined in
Section 4.1.1) scores highest (Ssr = 20% of total variance), followed by yield (Sy = 15%), and area of
land under cultivation (Sa = 12%).



Land 2015, 4

1.0

0.8F

0.6}

Ratio of Organic Farmers to Total Farmers

0.0

mean 0.31
std 0.33

Figure 5. Distribution of the ratio of organic farmer agents to total farmer agents at the end

of the model run (100 cropping seasons), over all Monte Carlo sensitivity simulations.

This ratio ranges from 0% of farmer agents adopting organic methods to a maximum of 60%

of farmer agents adopting organic methods, with a mean adoption rate of 31%.

First Order Index Sk

Area of Land

Social Reach

Saocial Influence

Risk

Cost of Conventional Fertilizer

Cost of Organic Fertilizer

Total Effect Index STk

Patience

Yield

Land Area per one Labor
Other Parameters
Interactions (for Sk)

Figure 6. Variance decomposition of variable effects on model output (ratio of organic-adopting

farmer agents to total farmer agents). Model sensitivity to different input variables

is analyzed separately for their first order influence (Sk) and their total effects (STk)

influence, in which variable interactions are explicitly quantified. The variables with

relatively high S values have the most impact on the variability of the proportion of farmer

agents who adopt organic methods.

993



Land 2015, 4 994

The model’s nonlinear behavior is expressed by the relatively high level of variable interactivity,
which is derived from the percentage sum of all first order indices. In our simulation, this sum amounts
to 71% of RATIO variability (Figure 6). Therefore, only 71% of the variance in organic farming adoption
rates can be explained by analyzing the variables in isolation. The remaining 29% of V is attributed to
variable interdependence, which is expressed using the total effect index (STk).

Over half of the variables (9 out of 16) contribute substantially to the complex behavior of the model.
The highest interaction effect can be observed for social reach (STsr = 17%), yield (STy = 14%), area
of farmland (STa = 11%), and influence threshold i.e., the density of social connections of any given
agent (STsi = 9%). Consequently, not only do these four variables individually contribute to the
variability of the RATIO, but they also have a strong influence when analyzed as a group.

Other variables that somewhat contribute to RATIO variability include the cost of fertilizer (both
conventional, where STccf = 5%, and organic, where STcof = 5%), labor availability (STlal = 6%),
attitude to risk taking (STr = 6%), and patience (STp = 6%).

6. Discussion

There appears to be an upper limit on the number of farmers choosing to go organic that is fairly
robust to fluctuations in prices and the external risk environment. The results of the sensitivity analysis,
which reveal how influential the various model variables are in determining the ratio of organic adopting
farmers to total farmers, gives us insight into why this limit exists. The sensitivity analysis suggests that
the decision to shift from traditional to organic farming is mainly driven by yield, and by imitative
behavior, that is, by the number of farmer agents that have already adopted organic farming, as indicated
by the strong effects of social reach and influence threshold on the organic adoption ratio (Figure 6).
Consequently, our ABM is a classic example of simulating innovation diffusion, where the decision
made by agent (A) is influenced by the decisions of proximal agents in A’s social space [59—61]. The
fact that social reach and influence threshold account for 26% of output variance corroborates our
postulate about the role of diffusion of innovation in explaining organic farming adoption in our ABM.

Particularly, social reach and influence threshold affect the rate at which farmers “learn” about
organic farming, a prerequisite to their experimentation with organic technologies. This is important in
the model context because of the assumption that conventional yields rise over time. The more rice
cropping seasons that go by before a farmer agent learns about organic technologies and is able to
experiment with them, the higher the baseline conventional yields to which he/she compares organic
yields—therefore, the less likely it is that he/she will choose to switch to organic. When yields are higher,
the loss of 50% of yield during switchover is a greater absolute yield loss compared to when yields are
lower. For example, if conventional yields are one ton/ha, upon switchover organic yields would be
0.5 ton/ha. Given the lower costs of organic farming, the farmer might be able to make up this 0.5 ton/ha
difference between organic and conventional yields in net profit by going organic. However, if yields
are 5 tons/ha, the yield loss upon switchover would be 2.5 tons/ha—a greater profit gap to make up.

We can also conclude that the adoption decision is dependent on the land area an agent farms. Land
area constraints on organic farming adoption were discussed in the farmer focus groups, and the model’s
sensitivity to this variable confirms that farmers with limited land may not be able to generate the
nutrients they need to use as inputs for organic production. However, the model was not sensitive to the
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“organic threshold”, or the amount of land required to produce on-farm organic fertilizer. This provides
evidence for rejecting our hypothesis that only farmers who can produce their own fertilizer on-farm
will be able to use organic methods. Interestingly, none of the variables that would seem to have a direct
influence on the variability of organic farming (like cost of organic fertilizer and cost of other organic
inputs) drive the switch from conventional to organic farming, suggesting that cost comparisons between
farming methods may not comprise a farmer’s main motivation for adopting organic.

Patience and fertilizer costs play particularly intriguing roles in determining organic adoption rates.
When treated independently, these variables have negligible influence on the adoption of organic
farming (their Sk values equal zero). However, their influence becomes much more pronounced when
analyzed in interactions with other variables, suggesting that they play a complex intertwined role in the
decision to switch cultivation to organic farming. This suggests that value orientations towards
promoting family health and health of the environment, which were prominent topics of discussion in
the focus groups, do not by themselves determine whether a given farmer will choose to adopt organic
methods. Rather, knowledge of organic methods and the ability to produce organic fertilizer may be
pre-requisites for a farmer putting his or her pro-health or pro-environment values into action. Farmers
who have not been able to practice organic methods may nonetheless be interested in integrated pest
management techniques, and this was a major topic of discussion in the focus group sessions [62].

Based on the sensitivity analysis we can also suggest the direction of ABM simplification. In particular,
animal ownership, labor availability, crop price, labor costs, the amount of land needed to produce
organic fertilizer on-farm (organic threshold) and other organic and conventional costs proved to be
unimportant in shaping the variability of the RATIO statistics. Consequently, an equivalent simplified
model would have these variables set to constant average values, reducing the dimensionality of the
model from 16 to 9 uncertain inputs. This simplified model would be equivalent to its predecessor in
that it would maintain the variability of RATIO (i.e., with V unchanged) [11,54]. This property can be
of value in policy analysis where a certain level of result variability is required to account for any
unanticipated events (surprises) in the target system. At the same time, a model with a smaller number
of variables can be easier for stakeholders and decision-makers to understand. The drawback of our
model simplification is that it is dependent on the type and form of the output variable. Every time we
substitute RATIO with a different output of interest (e.g., we introduce different categories of organic
farmers based on their land management practices or household income), we should revisit the initial
ABM formulation and perform a separate variance-based model simplification.

Implications and Limitations

Quantitative data on organic adoption over time, which would allow for more extensive validation of
the model, is not yet available from this region. However, these model results are consistent with
anecdotal observations collected by NIRD and expert opinion of in-region farmers—for example, the
NGO has observed that, despite a long-term presence in the region, the number of farmers who have
decided to convert to organic methods remains limited. Similarly, the model depicted nearly all farmers
experimenting with organic methods after encountering these methods through their social network,
but only a minority of the farmer agents ended the model run by adopting organic. This confirms the
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model’s usefulness as a scoping exercise that can shed light on where future research and farmer support
activities should be focused.

We can suggest that further research would be warranted into the social network among farmers in
this region, and farmers’ means of sharing information, since social reach and influence threshold were
both found to be significant in determining rates of organic adoption. Our model simulation used
a uniform, random social network to represent information sharing, which obviously does not reflect the
network topology in a typical community [27]. Moreover, there is no feedback effect from farmers
observing organic experiments which have been abandoned—it is possible that if a significant number
of these occurred in their social network, they might be more reluctant to try organic agriculture in the
first place. However, it is worth noting that this dynamic was not mentioned in the focus groups as
a factor in determining organic experimentation.

An interesting implication of the model output seems to be that, as conventional yields rise due to
improved crop varieties and other variables, at some point it may be “too late” for farmers to consider
going organic, because conventional yields would be high enough that the 50% loss occasioned by
organic switchover would represent too large of a yield gap for the farmer. The significance of the yield
variable in determining organic adoption rates confirms this interpretation of the model. Therefore,
if organic adoption is desirable in a given area, informing interested farmers about organic techniques
relatively quickly (possibly through strategic use of social networks), while minimizing the initial yield
losses from switching to organic methods and boosting organic yields as quickly as possible to compete
with conventional yields (for example, through intensive soil fertility amendments), would seem to be
the best set of strategies. To return to the original research question proposed by our NGO partner NIRD,
we seem to have identified two major drivers of organic adoption: yield and information sharing through
social networks. Additional research on how these variables change over time should help to confirm
this determination.

We did not collect detailed demographic data on the farmers who participated in the focus groups,
which limited the degree to which we were able to assess how organic adoption rates may differ by
gender, age, years spent farming, etc. It is likely that these demographic variables also affect the nature
of the social networks in which farmers are embedded. The topology of the social networks represented
in the model was therefore totally under-developed, and warrants further exploration in a more
sophisticated modeling framework. In addition, our data collection was limited to one rice cropping
season by the time and budget available for this study. Given that we are simulating a dynamic system,
observing empirical trends over multiple seasons would give us more insight into whether the behavior
simulated in the model is similar to the behavior of the real-world system. One of the reasons organic
adoption is being promoted worldwide is for resilience to climate change-induced drought and other
extremes in precipitation and temperature patterns [63]. An improved version of this model would
include such shocks, in order to observe their effects on organic adoption and yields compared to
conventional yields. In addition, economic shocks such as restriction to credit or large spikes in prices
(larger than we modeled here) could shed light on the relative resilience of organic techniques compared
to conventional techniques.

Another shortcoming of our model is its lack of spatial information. Clearly, many aspects of farm
production are highly dependent on that farm’s location in the landscape, and one would expect organic
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adoption to be affected by spatial characteristics such as farm slope, proximity to roads and water
sources, soil characteristics, etc. We hope to include spatial aspects in a future version of this model.

Importantly, we were using the ABM as an exploratory, rather than a predictive, model [64,65]. Given
the complex and uncertain nature of the simulated upland farming system, and the paucity of data from
the region, we believe a traditional quantitative model that seeks to make predictions about systemic
outcomes is inappropriate [66]. Rather, our goal was to shed light on the dynamic aspects of the system
described in questions 1 and 2 in the introduction, so that we might target future research and modeling
efforts. This approach is philosophically different from the traditional use of statistical or optimization
techniques to design a “best” model which produces a “right” answer [66], but it is no less powerful.
Systems modelers have argued for decades that an optimization approach to a complex system with high
levels of uncertainty can lead to incomplete consideration of system drivers at best [67], and misleading
or erroneous conclusions at worst [68]. A dynamic simulation of a complex system, as undertaken here,
can be used for theory development and hypothesis testing [69]. With more empirical data with which
to calibrate and validate the model, however, this model could be used to make more targeted projections
to inform policy in a given location.

7. Conclusions

We built a stylized agent-based model to explore the reasons behind low adoption rates of organic
agriculture in a productive rice-growing region in the upland Philippines, where organic agriculture has
been promoted for fourteen years. The model was run for multiple input variable sets that denote different
socioeconomic, behavioral, and ecological characteristics of the farmers and the agricultural system.
Given the uncertainty of the system, we explored the variability of the results using a variance-based
sensitivity analysis framework to identify the core drivers of the decision to adopt organic farming.
We found that the speed of information spread through the social network was highly influential in
agents’ decisions to adopt organic agriculture, because the longer it takes for them to hear about organic
techniques and experiment with them, the more progress conventional varieties and techniques achieve
in boosting yields, leading to opportunity costs for farmers who convert to organic. Land area is
a constraint to organic adoption, because farmers with small fields are not able to generate on-farm
organic inputs that are sufficient to maintain yields. The model revealed a high degree of complexity in
farmers’ decision-making, with interactive effects between decision variables explaining one-third of
the variation in organic adoption rates. Yield improvements and information spread through social
networks appear to be the major drivers of organic adoption, warranting further research and modeling
attention, and perhaps programmatic targeting by our partner NGO. In addition, more research on
farmers’ decision-making processes is warranted, as these processes are complex and driven by
interactions between economic, social and ecological factors. Continued interaction with farmers in the
region will allow us to gain more insight into their decision-making environment and constraints.
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