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Abstract 

In recent years, across tropical regions of the world, there has been an expansion of integrated 

farming systems that combine rice and shrimp production.  While these systems were 

developed as a form of crop-rotation -  growing rice in the wet season and shrimp in the dry 

season - some farmers grow both rice and brackish-water shrimp simultaneously during the 

wet season.  Climatic variability has resulted in considerable crop losses in this system across 

many regions.  Research has yet to identify the complete array of key risk factors, and their 

potential interactions, for integrated rice-shrimp farming.  Consequently, different farming 

practices and environmental factors that may affect crop production need to be clarified to 

guide research efforts.  We applied a staged, iterative process to develop a probabilistic 

Bayesian belief network based on expert knowledge that describes the relationships that 

contribute to the risk of failure of both crops in integrated rice-shrimp farming systems during 

the wet season.  We applied the approach in the Southern Mekong Delta, Vietnam, in the 

context of a broader research program into the sustainability of the rice-shrimp farming 

system.  The resulting network represents the experts’ perceptions of the key risk factors to 

production and the interactions among them.  While both farmers and extension officers 

contributed to the identification of the processes included in the network, the farmers alone 

provided estimates of the probability of the relationships among them.  The network 

identified the challenges to minimise the risk of failure for both crops, and the steps farmers 

can take to mitigate some of them.  Overall, farmers perceived they have a better chance to 

minimise risk of failure for shrimp rather than rice crops, and limited opportunities appear to 

exist for successful production of both.  By engaging the farmers in this process of model 

development, we were able to identify additional research questions for the broader research 

team and to identify simple steps the farmers could take to reduce the risk of crop failure.  

Integrating additional empirical data into this network, as it becomes available, will help 
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identify clear opportunities for improvements in farming practices which should reduce the 

risk of crop failure into the future.       

Highlights 

• We converted knowledge from rice-shrimp farmers in the Mekong Delta into a 

probabilistic model 

• Key risks to production for both crops revolved around soil and water quality 

• On average, rice crop failure was perceived to be more likely than for shrimp 

• Capturing extant agricultural knowledge improves outcomes for research and practice 

  



4 
 

1. Introduction 

Agricultural production is affected by numerous environmental factors, some of which are 

within the control of producers and others that are beyond their control.  Human alteration of 

the environment and the increasing impact of climate change combine to increase risks of 

crop failure in many regions across the world (Morton 2007).  The risk of recurrent crop 

failures is higher for integrated aquaculture-agriculture systems in landscapes influenced by 

brackish waters where rising sea levels and altered freshwater inflows combine to modify 

hydrological conditions throughout the growing cycle (Huq et al. 2015).  These combined 

altered processes affect the hydrological and thermal regimes, ultimately influencing salinity 

and nutrient concentrations in pond and canal waters (Thanh et al. 2004). Subsequently, 

individual farmers make decisions on crop management in an attempt to reduce risks of crop 

failure and financial losses (e.g. Everingham et al. 2002).   

Understanding and quantifying the multiple stressors affecting production, including impacts 

of decisions by individual farmers, is an important step to minimise risks of crop failure (Reid 

and Vogel 2006). In relatively well-studied systems this may already be well formalised 

following years of research and production. However, in emerging agricultural regions, such 

as those in the developing world, this understanding may not yet be widely established 

(Godfray et al. 2010).  In developing regions, documenting existing knowledge held by 

farmers in a systematic manner provides an avenue to incorporate such expertise into user-

friendly decision support tools (Walker et al. 1995).  This is particularly important given 

decision making by farmers is grounded in a broader socio-economic system that can be 

difficult to integrate in agricultural research (Joffre et al. 2015).  With the development of 

such tools, findings from complementary empirical research are more likely to be of use to 
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participating farmers and can complement their existing knowledge and understanding 

(Kristjanson et al. 2009).   

The field of participatory modelling has developed to integrate the existing knowledge and 

expertise of practitioners into empirical research (Voinov and Bousquet 2010).  Such 

expertise may be in the form of traditional ecological knowledge of local and indigenous 

communities, lifelong experience of farmers or other knowledge developed through 

experience of living and working in a given system.  Depending on the context, experts may 

be farmers, local indigenous people, scientists or other experienced practitioners.  Integrating 

agricultural expertise allows the development of a link between science and farmers, enabling 

them to contribute actively to relevant research. This has several advantages including the 

identification of issues of research interest that are most crucial to farmers which ensures any 

empirical research is specifically relevant to farmers and farm management.  When 

participatory modelling engages farmers and policy makers, it helps establish and foster a 

link between policy and on-farm decision making (Joffre et al. 2015), the lack of which can 

lead to negative outcomes for regional farmers.  One avenue of such modelling is the 

development of probabilistic models that can integrate expert knowledge with existing data 

and knowledge via Bayesian belief networks (BBNs), a probabilistic graphical modelling 

tool.   

Bayesian belief networks provide a very powerful tool for management and decision-making 

in agricultural settings (Cain et al. 2003; McCann et al. 2006).  They have been used widely 

in many different natural resource management contexts because of their inherent flexibility 

and capacity to quantify complex social, economic and ecological relationships (McCann et 

al. 2006; Stewart-Koster et al. 2010; Phan et al. 2016).  By using BBNs, it is possible to 

develop a probabilistic model that reflects the conceptual understanding of the system under 
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study in the form of an influence diagram; this can then be populated with the available data 

from multiple sources, including empirical data and expert knowledge (Korb and Nicholson 

2004). This approach can be applied where empirical data may be lacking but where 

considerable expert knowledge exists in the form of traditional ecological knowledge or 

accumulated experience of farmers and scientists (Liedloff et al. 2013).  Such knowledge can 

be incorporated into the model to form the network structure and the relationships it 

quantifies. 

Developing BBNs from expert knowledge requires a systematic expert elicitation process, 

usually involving a series of workshops, to formalise the knowledge and experience into a 

suitable model (e.g. Johnson et al. 2010; Bashari et al. 2009).  The goal of such a process is to 

extract information from experts while overcoming potential pitfalls associated with bias and 

subjectivity (Kuhnert et al. 2010).  Such pitfalls include strong personalities dominating the 

process and subsequent outputs, unclear statements of the causal relationships in the system, 

and language barriers leading to misunderstandings between BBN developers and experts 

(Renooij 2001). Failing to account for these issues can lead to the development of a BBN that 

does not accurately reflect the system and the experts’ understanding of it, potentially leading 

to poorly informed decision making (Kuhnert et al. 2010).     

There are many different workshop approaches to develop BBNs based on expert knowledge 

or opinion (e.g. Smith et al. 2005; Ticehurst et al. 2007; Johnson et al. 2010; Schmitt and 

Brugere 2013).  These workshops may involve various numbers of experts, though typically a 

small group is engaged, for example, Schmitt and Brugere (2013) relied on twelve experts to 

fine tune a BBN for shrimp farming in Thailand.  In some cases experts may spend several 

days with workshop facilitators and BBN developers (e.g. Smith et al 2005; Johnson et al. 

2010), while in others such elicitation may be done over email (Kuhnert et al. 2010).  The 
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process may focus solely on developing the network structure or include the additional step 

of deriving the strength and nature of the relationships within the network.  Importantly, 

several stages of validation are included to identify any miscommunications and ensure the 

resulting network accurately reflects the knowledge and understanding of the participating 

experts, which may be particularly important when language barriers are present during the 

process (Johnson et al. 2010; Kuhnert et al. 2010). These approaches have been very 

successful in developing BBNs across a range of systems, however, they require a substantial 

time commitment by the experts, which is something that may not always be available. These 

kinds of demands on experts can create a challenge for the development, implementation and 

uptake of the BBNs by potential end users.  Additionally, making use of only a small number 

of experts may lead to a narrow view of a system that does not reflect the broader 

understanding that may exist within the given community (Kuhnert et al. 2010).   

Given the potentially prohibitive time commitments required of experts for BBN 

development, it is clear that an expert elicitation that requires less time in any one sitting 

would be advantageous.  We developed a staged process of BBN development to incorporate 

the expertise of multiple groups of experts in relatively short workshops.  We applied this 

process to quantify key risk factors to production faced by local farmers in the Mekong Delta, 

Vietnam, who practice integrated rice-shrimp farming during the wet season when conditions 

may not be optimal for both species simultaneously.  The experts consisted of local farmers 

and government extension officers from three neighbouring provinces, who were 

participating in a broader research program into the sustainability of rice-shrimp farming 

systems.  Much of the region has been converted to rice-shrimp farming during the previous 

10 years and already is facing severe risks to production, leading in some cases to crop losses, 

from anthropogenic and climatic factors. However, research has yet to identify key risk 

factors, and their potential interaction, for both rice and shrimp farming.  Consequently, the 
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process and effects of different farming practices and environmental factors need to be 

elucidated to guide the ongoing research. 

Our process was based on the Iterative Bayesian Network Development Cycle, developed by 

Johnson et al. (2010), to ensure the input of each group of stakeholders was cross-validated 

by all others.  Consequently we derived a regionally applicable and internally-validated BBN 

based on the expert knowledge of farmers across several provinces.  The final network model 

provides an avenue to incorporate empirical data on processes affecting farm production that 

are identified as relevant to the farmers themselves.  This also provides an avenue to engage 

farmers in ongoing research and identify key knowledge gaps among farmers that will 

provide the greatest opportunity for improvements to production.      

2. Materials and Methods 

2.1 Study setting: Rice-shrimp farming 

Integrated rice-shrimp farming in coastal regions is an integrated agricultural system that 

emerged as a mechanism to derive some production from fallow rice fields during the dry 

season when water salinity rises with decreased freshwater flows and rainfall. Salinity also 

increases due to higher evaporation during the dry season.  Typically, rice is sown on a 

platform for wet season production with a deeper ditch surrounding the platform in which 

shrimp may be raised simultaneously if conditions allow.  During the dry season, when water 

salinity rises, production moves to shrimp that inhabit both the ditch and rice platform.  We 

developed the BBN for rice-shrimp systems with farmers and extension officers from three 

provinces of the Vietnamese Mekong Delta; Ca Mau, Bac Lieu and Kien Giang (Figure 1a).  

While relatively close in proximity, farms in each of these regions experience slightly 

different hydrologic regimes due to variation in freshwater inflows from upstream and 
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regional infrastructure to control such flows.  We focused on the wet season because of the 

evident challenges faced by farmers of growing a freshwater crop, such as rice, in tandem 

with a brackish shrimp species.   

2.2 Bayesian belief networks 

A BBN is a graphical model consisting of nodes and links where nodes represent the key 

factors or processes of a given system and links represent the causal relationships among 

them (Korb and Nicholson, 2004; Jensen and Nielsen, 2007).  Links in a BBN are 

unidirectional and connect ‘parent nodes’ to ‘child nodes’ which results in no feedback loops 

that would make child nodes become parent nodes of their ancestral nodes (Jensen & Nielsen, 

2007).  Each node is defined categorically having multiple possible states (e.g. high, medium, 

low), with the probability of each state of a node dependent on the states of parent node(s).  

These probabilities are defined by the conditional probability table (CPT) of each node.  The 

CPTs may be derived from a range of different sources including empirical data, expert 

opinion or results from previous research (Korb and Nicholson, 2004).  A key assumption of 

BBNs is known as the Markov property, which means that the CPT of a node is dependent on 

the immediate parent nodes only.  When using expert opinion to populate the CPTs of a 

BBN, this can help simplify the elicitation process, because experts only need to consider the 

states of the immediate parent nodes and not the full complexity of the network. 

2.3 BBN development 

The process to develop the BBN involved several stages of targeted expert elicitation 

workshops with extension officers and farmers in each region forming the groups of experts 

whose knowledge and experience populated the network.  We conducted three research trips 

in October 2013, July 2014 and November 2015 during each of which, somewhat atypically 
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for a BBN development process, we could only spend a matter of hours with each group of 

experts.  As such, we included an iterative process of validation at each stage of the 

elicitation to ensure specific regional biases did not affect the outcome of the BBN (Figure 

1b).   

The entire process began with a one-day introductory training workshop for facilitators 

(Vietnamese researchers from partner organisations, including the Research Institute for 

Aquaculture 2 (RIA2), Can Tho University (CTU) and Cuu Long Rice Research Institute - 

Vietnam (CLLRI)), who would work with the BBN modellers to interact with the farmers 

and policy officers as facilitators and translators.  The preliminary training workshop focused 

on the theory and application of BBNs and culminated in groups of researchers developing 

and presenting their own BBN for scrutiny by other workshop participants. This process 

ensured the training worked in two directions, the newly trained facilitators had a clear 

understanding of the BBN development process from beginning to end, and the BBN trainers 

and modellers were introduced to likely important environmental and agricultural processes, 

as perceived by the facilitators. Understanding the processes that were viewed as important 

by the facilitators also helped identify possible biases they may have unconsciously focused 

on in the subsequent expert elicitation workshops.  Given the language barrier between the 

modellers and the experts, these biases may have otherwise been missed.   

2.3 Defining nodes and network structure 

The first two stages of the BBN development process began with eliciting risk factors for the 

individual rice and shrimp production processes from the first groups of experts in Ca Mau 

province. With the second two groups of experts, from Bac Lieu and Kien Giang provinces, 

we sought to validate the risk factors and rapidly identify others that may be relevant before 

prioritising key factors to determine nodes for the network and the relationships therein.  
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Rather than asking experts directly to arrange the nodes and define child and parent nodes, 

facilitators framed questions about how farmers expect certain nodes to change should a key 

process change (for example, under what conditions does soil salinity change?), or how the 

farmers react under certain conditions (for example, what do you do if you perceive the soil 

quality to be poor at the start of the season?).  The answers to the full range of these questions 

identified the connections between child and parent nodes.  

Selecting thresholds for the different states in a node is an important process in BBN 

development.  In many contexts these can be defined by scientifically defined boundaries, for 

instance established lethal thresholds can be chosen for physical parameters such as salinity 

and dissolved oxygen concentration (Marcot et al. 2006).  In this context it was important to 

consider the capacity for objective measurement and monitoring on the part of the farmers.  

For example, water salinity is monitored by taste rather than any kind of salinity probe.  As 

such, thresholds for physical parameters such as salinity were defined against the famers’ 

expectations of rice or shrimp health.  Moderate dissolved oxygen concentrations, for 

example, being sub-lethal concentrations that would create stress on shrimp and low 

dissolved oxygen concentrations that which would lead to mortality.  For composite nodes, 

such as rice platform preparation, farmers were asked simply subjectively about what they 

considered Good, Average or Poor, and in this way the probability distributions represent a 

range of experience with associated uncertainty. 

2.4 Estimating conditional probability tables 

Having identified key processes (nodes) and relationships among them (links) on the first 

research trip, we began the process of populating the CPTs based on the expert opinion of 

only the farmers, in all three regions during the second research trip (Stage 3 in Figure 1).  

This stage began with a second training workshop to ensure workshop facilitators were 
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familiar with different techniques of probability elicitation. This included a series of 

approaches including; a survey method, direct probability elicitation and indirect approaches 

such gamble-like methods (Table 1).  Each of these approaches has its own strengths and 

weaknesses, and presents unique challenges (Renooij 2001). Generally different techniques 

are used for different circumstances.  In our workshop process, we applied different 

approaches depending on the nature of the child node of interest. 

The survey method we developed involved separately asking ten or more experts to state the 

most probable state of a child node under a given set of parent node states.  The frequency 

that each state in the child node was chosen as the most probable outcome under each set of 

conditions provided the probability of that outcome in the CPT. This approach was used for 

child nodes with large CPTs (i.e. nodes with many parent nodes or parent nodes with many 

states).  For such CPTs, experts found it easier to state a single most probable state, rather 

than a probability estimate for all states, under given values of the parent nodes.   

Direct methods of probability elicitation focused on asking experts to estimate the probability 

of each state of the child node, given specific states of relevant parent nodes. This approach 

tended to be most useful where there was an easily visualised state in the child node, such as 

proportions of a crop or farm area, that the farmers expected would have a certain state given 

parent node conditions.  For example, under given water quality conditions, what proportion 

of a shrimp crop would show high, moderate and low levels of stress?  This approach was 

also useful for relatively small CPTs, being nodes with few parent nodes. 

Finally, we trialled a gamble-like method for the terminal nodes where experts were asked to 

choose to bet on a hypothetical lottery with known odds or bet on the risk of crop failure 

under certain parent node conditions.  Varying the known odds of the hypothetical lottery 

until the experts change their choice of bet identifies the expected probability of the outcome 
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under consideration (Renooij 2001).  Unfortunately we had to abandon this approach because 

several of the participating farmers refused to ever bet against their own rice crops, no matter 

the odds of winning a lottery! 

2.5 Validation and verification 

The final step involved a staged process of verification of the entire network and the CPTs 

governing the relationships.  This began with a presentation of the structure of the entire BBN 

to the farmers for validation, and subsequently working through the network to present the 

probability of child node states under different parent node conditions.  To facilitate the 

verification component of this process, we worked with each group of farmers on the nodes 

and CPTs they themselves had defined.  To facilitate the validation component, we also 

presented key nodes and CPTs that were developed by farmers from different regions.  This 

ensured that there was validation from farmers both within and across regions within the 

study area.   

The approach to this stage of the BBN development process was to show the farmers 

graphically, how the probability of each state of a given child node changed under different 

states of the parent nodes (Figure 2).  Conditions were set for specific parent nodes within the 

BBN which illustrated the expected probable outcomes of the child node under discussion.  

For example, when platform preparation is of good quality and rainfall volume is high, the 

CPT suggests there is a 100% probability of low soil salinity (Figure 2a).  When rainfall 

volume is set to low, there is a 75% probability of high soil salinity and 25% probability of 

moderate soil salinity (Figure 2b).  The farmers were invited to alter outcomes using the 

graphical illustration of the CPTs, where they disagreed with them.  All CPTs that were 

changed in the verification stage were presented to additional experts to ensure a single 

farmer, or group of farmers, did not have undue influence on certain components of the 
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network.  As a result of this step, the final workshop involved verification of previously 

altered CPTs only.   

Before the validation phase began, the BBN modellers explored probable outcomes under the 

scenarios of entire model to identify any unexpected or unlikely outcomes.  These may have 

come from misunderstandings in complex CPTs or even mistranslations between the experts, 

workshop facilitators and BBN modellers.  Where these outcomes were found (e.g. highly 

saline soil leading to low risk of rice failure), they were replaced once clarified in the 

validation phase.  Where there were more subtle differences among experts in the 

probabilities obtained, an average was taken to complete the CPT. 

This staged approach to elicitation ensured the final BBN represented all regions in the study 

area while accommodating locally-specific relationships where necessary.  In total 32 farmers 

and 26 extension officers across all three provinces participated in the expert elicitation 

process for the BBN. 

2.6 Additional data used in the model 

In addition to the expert knowledge of the participating farmers, we also used available 

rainfall data to define the CPTs for nodes relating to the onset of the wet season and the 

volume of early wet season rainfall, as these were parent nodes only.  These data consisted of 

daily rainfall records for 21 years (1976-2006), obtained from the Ca Mau monitoring station 

(www.gso.gov.vn).   

Discussions during the workshops highlighted that the wet season was generally considered 

to begin in May each year.  As such, an early onset was defined as a year when the total April 

rainfall was more than one standard deviation greater than the long term mean total April 
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rainfall.  A late onset was defined as a year where April rains were not above normal and 

May rainfall was more than one standard deviation less than the long term mean total May 

rainfall. An average onset was defined as a year when April rains were not above normal and 

May rains were within one standard deviation of the long-term mean total May rainfall.  The 

volume of early wet season rainfall was defined similarly, using the total rainfall for May and 

June to define early season rains as High, Low or Average volume.  Average volume was 

defined as the years in which total rainfall for May and June was within one standard 

deviation of the long-term average, while High or Low years were those one standard 

deviation above or below the mean.  We calculated the frequency of each of these outcomes 

based on the 21 years of data to populate the CPTs for the two rainfall nodes. 

The network was constructed using the BBN software, Netica (V4.16, Norsys, 2010). 

3. Results 

The final BBN comprised a collection of nodes representing processes of climate/weather, 

soil and water, rice and shrimp as well as management/decision options available to the 

farmers, all contributing to determine the risks of rice and shrimp crop failure in the wet 

season (Figure 3).  A top-down perspective of the BBN reveals that the entire system is 

perceived to be governed by the timing and duration of wet season rainfall, which determine 

the “wet season type”.  This outcome contributes to the states of multiple water quality nodes, 

as well as influencing soil quality and the quality of platform preparation for rice-sowing.  

Management options available to the farmers were perceived to occur throughout the BBN, 

and included processes such as preparation of the rice platform to influence soil and water 

quality, or adjusting fertiliser application in response to rice crop growth.  Several composite 

nodes, such as soil quality and water quality, were created to summarise complex processes 

into a single outcome.  The terminal nodes, risk of failure of each of rice and shrimp crops, 



16 
 

had states referring to levels of risk of failure (high, medium and low) as well as a state for 

complete crop failure. 

The structure of the BBN identified several interactive connections between the conditions 

that influenced each crop (Figure 3).  The soil quality of the rice platform, which was directly 

connected to risk of rice failure, was perceived to be a function of platform preparation and 

wet season rainfall conditions.  Not surprisingly, wet season rainfall had a direct bearing on 

water quality;  however, the farmers and extension officers also identified a clear relationship 

between water and soil quality. Water quality was defined as being either good for rice, 

shrimp, both or neither, dependent on soil quality, dissolved oxygen and the salinity and 

nutrient content of the water.  In addition, perceptions of the soil quality had a direct bearing 

on the stocking rate of the shrimp in the ditch around the platform.  With all these interactive 

relationships established, the farmers showed contrasting expectations of risks to rice and 

shrimp crop failure. 

With no conditions set in the BBN, the probabilities for each state in each node represent the 

averages (as in Figure 3).  Overall, the farmers had a generally pessimistic outlook on their 

rice crops, with an average of 61% probability of crop failure and 30% probability of being in 

conditions of high risk of crop failure (see terminal node for ‘Risk of rice failure’ in Figure 

3).  In contrast, they were more optimistic about the risks of the failure of a shrimp crop with 

a split of 28% probability of crop failure and approximately 48% probability of low risk of 

crop failure (see terminal node for ‘Risk of shrimp failure’ in Figure 3).  Interestingly, the 

farmers were also pessimistic about the growing conditions with an expectation of a 57% 

probability of water quality being neither good for rice nor shrimp (such conditions would be 

highly saline, potentially very warm with very low dissolved oxygen).  In conjunction with 

this was a 34% probability of water quality being good for shrimp.    
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Setting the conditions of each of the child nodes to low risk of crop failure reveals the 

conditions under which the farmers perceive those outcomes to be possible (Figure 4).  The 

most striking aspect of this is that these joint outcomes are only possible when water quality 

is good for rice growing (see Wet Season WQ node in Figure 4a).  These conditions are 

expected to occur when the wet season has either average or high rainfall (see nodes for 

Rainfall Volume and Wet season type in Figure 4a).  In contrast, setting both child nodes to 

crop failure, shows that these outcomes may occur under any water quality conditions, but are 

most likely when it is good for shrimp (Figure 4b).  Compared with the low risk settings for 

the child nodes in Figure 4a, the relatively even probability distributions on the ancestral 

nodes of Figure 4b suggest that there are more scenarios that will lead to crop failure. 

Sensitivity analyses of the two child nodes in the BBN identified the ancestral nodes that 

have the greatest influence on their states (Table 2).  Parent nodes that were directly 

connected to the child nodes of interest, such as the parent node water quality and for the 

child node risk of rice failure, were found to be the most influential.  Nonetheless, several 

ancestral nodes were also influential on the child nodes, for example soil and water salinity 

were the third and fourth most influential nodes for rice failure.  Interestingly, several nodes 

over which the farmers have some direct control via management options were highly 

influential nodes such as fertiliser regime, platform preparation and soil quality as well as 

shrimp stocking density and shrimp stress detection (Table 2).  This information identifies 

processes over which they have control that the experts collectively perceive as important, as 

opposed to important processes over which they have no control such as the nature of the wet 

season.  

The impact of influential nodes can be visualised by setting conditions for them and 

inspecting the outcome on the child nodes (Figures 5 and 6; Appendix A).  The importance of 
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water quality is evident with a shift from generally low risk of rice crop failure when 

conditions are set to being good for rice, to an expectation of complete crop failure when 

water quality is set to be good for shrimp (Figures 5a and 5b).  Regardless of whether 

platform soil quality is either good or poor, farmers had some expectation of possible crop 

failure (Figures 5c and 5d).  The most evident change was that good soil quality led to a 

greater expectation of low risk of crop failure.  These patterns held in the shrimp component 

of the network with conditions of high or low shrimp survival clearly affecting the probability 

of different levels of risks to crop failure (Figures 6a and 6b).  Even when survival is high the 

farmers perceived there to be a 7% probability of crop failure (Figure 6a).  This pattern is 

evident with the presence or absence of disease.  When disease is present, the farmers have a 

generally high expectation of crop failure (Figure 6c).  When it is absent, risks to crop failure 

decline, however, there is still almost 20% probability of crop failure due to other factors in 

the BBN (Figure 6d), which would include outbreaks of benthic algal mats (lab lab) or 

general stress due to poor water quality (Figure 3). 

4. Discussion 

We successfully applied a process to integrate the knowledge and experience of multiple 

experts, including farmers and extension officers, into a single probabilistic model that 

describes the risk factors to a common tropical agricultural system.  Our staged approach of 

network development ensured we applied what we learned from each group to subsequent 

groups in the study, in an iterative model building process. The contributions of the experts 

identified key factors that affect risks to crop production, both environmental (i.e. things that 

can’t be controlled) and agricultural (things that can be controlled).  By introducing 

conditional questions grounded in the already forming network we successfully captured the 

structural connections in the BBN, which led us to potential decisions made by the famers in 
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response to the changing environment in which they work.  Subsequently, the final BBN 

looks different from our initial expectations; importantly the farmers were all in general 

agreement about its accuracy in reflecting their understanding of the system.   

The final BBN developed here identified a complex series of interactions among 

environmental and agricultural factors.  The network indicates that farmers generally perceive 

it to be very difficult to balance the needs of both crops and reduce the risk of crop failure for 

both simultaneously.  Nonetheless, conditions can occur where this is possible even when the 

preparation for sowing of rice and the quality of shrimp seed stock is not optimal.  As such, 

the BBN provides an avenue to guide decision making at the individual farm level, given a 

range of environmental conditions.   

The BBN captures the many complex interactions that influence the probability of crop loss 

in a given season.  Many of the variables (nodes) in these interactions can be measured 

directly by the farmers, albeit imperfectly in the case of tasting the water to estimate salinity, 

however, several cannot be measured, such as dissolved oxygen.  Nonetheless, the network 

can be used to assist farmers in their decision making both before and after planting and 

stocking as there are multiple management decision nodes in the BBN (liming of soil, tilling 

of soil, fertiliser application, shrimp stocking density and management of water colour and 

water quality for shrimp stress).  For example, an assessment of the nature of the early stage 

of the wet season will give a farmer an indication of the quality of platform preparation they 

will likely be able to complete along with the probability of different water quality 

conditions.  This can help guide the decision about if and when to sow a rice crop.  Guidance 

on within season decisions such as how much fertiliser to apply given the appearance of the 

rice crop and an assessment of the soil quality is also available with an estimated probability 

associated with each outcome of the child node.   
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4.1 Integrating expert knowledge and data in BBN development 

The processes that emerged from the workshops were generally consistent with available 

scientific evidence of processes that affect rice-shrimp farming in the region.  The farmers 

had a clear understanding that soil quality, and in particular soil salinity, played a crucial role 

in the risk of crop failures.  As well as being a known risk factor for rice production, high 

levels of soil salinity may lead to considerable land degradation in this region (Tho et al. 

2008; Hens et al 2009).  Equally, the farmers understood that water quality, including 

parameters they could not directly measure, such as dissolved oxygen, are important factors 

that contribute to the risk of failure of both crops.  These have been found to be at critical 

levels for shrimp in the integrated rice-shrimp farming systems of this region (Tho et al. 

2011; Leigh et al. 2017).  Nonetheless, there are additional factors that were not identified 

through the BBN workshops that may be risk factors for the crops, including the composition 

of the biological community of the rice-shrimp ponds.  These have been found to include 

toxic forms of cyanobacteria and relatively low levels of zooplankton and algae upon which 

growing shrimp can feed (Tho et al. 2012).  The next phase of model development will 

include the use of available data on such additional factors. Additionally, experimental and 

observational data collected in the research accompanying this BBN will be integrated into 

this BBN to identify important areas of learning (Ticehurst et al. 2007).  

An important feature of BBNs is that information from multiple sources can be used to define 

the nature of the relationships in the nodes (Korb and Nicholson 2004).  In the present 

context, that could involve incorporating data from ongoing experimental research into the 

existing BBN to complement the farmers’ knowledge.  In such a case the existing CPTs 

collected from the farmers’ knowledge could form Bayesian prior distributions for use with 

new data (Pollino et al. 2007).  Additionally, this would provide a basis to “validate” the 
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understanding of farmers against experimental data (Ticehurst et al. 2007).  Alternatively, a 

revised hybrid BBN could be developed, beginning with the farmers’ expert knowledge and 

integrating additional nodes and links defined according to experimental research or 

information from the literature (e.g. Landuyt et al. 2014). In addition to making use of all 

available information in model development, such an approach would assist in highlighting 

effective opportunities for research extension. The CPTs that change dramatically with the 

addition of experimental data to the prior information from the farmers would be those where 

the farmers’ knowledge differs most substantially from research findings.  These are the areas 

where considerable improvements may be made in farming practice given the research 

findings. 

4.2 Reaching a collaborative research agenda  

Bridging the gap between researchers and agricultural decision makers and farmers is a major 

step toward sustainable development (Kristjanson et al. 2009).  A major advantage of this 

approach for research in agricultural systems is that it engaged the participating farmers in the 

research process (Cain et al. 2003).  This provided an opportunity for the farmers to 

contribute to the agenda of the broader research effort by identifying processes that were not 

previously considered by the research team.  Additionally, the BBN workshops highlighted 

potential decisions farmers may make to improve conditions in the rice-shrimp system in an 

attempt to reduce the risk of crop failure.  Subsequently, the broader research team were able 

to tailor experiments that were specifically relevant to the management decisions available to 

the farmers in the system.  For example, it emerged during the workshops that farmers in one 

region had recently begun tilling the soil in advance of rice sowing. However, with limited 

experience in this practice the farmers were unsure of its potential to reduce risks of crop 

failure.  Consequently, the practice of soil tilling has been incorporated into the experimental 
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work of the broader research program, the results of which will feed directly into the BBN 

and contribute to improving the farmers’ practice in this system.   

In addition to engaging farmers in the research process, developing a BBN with practitioners 

can provide immediate gains for the participants.  During informal follow up interviews about 

their understanding of the network, a subset of farmers described how they had learned 

different approaches and ideas from the process, based on the discussions with others in the 

workshops.  These farmers had already slightly changed their practice, in particular regarding 

soil preparation and water quality monitoring, and were looking forward to findings from 

ongoing experiments. 

4.3 Bayesian belief networks in agricultural research 

There are clearly several advantages to the use of BBNs in agricultural research, particularly 

in relatively under studied systems, such as the rice-shrimp production system in the Mekong 

Delta.  However, a caveat of this approach is that there is a great deal of opportunity for 

misunderstanding during model development (Renooij 2001; Chen and Pollino 2012).  The 

language barrier is an ever present challenge in contexts like ours (Kuhnert et al. 2010), as is 

the lack of familiarity with a modelling approach, such as BBNs, on the part of the experts.  

We attempted to circumvent these issues with three strategies.  The first was to ask indirect 

questions about causal relationships and decisions farmers were likely to make over the 

course of the growing season, so as to define the network structure indirectly (Kuhnert et al. 

2010).  This helped to ensure workshop facilitators did not ask leading questions and the 

answers were those of the farmers themselves.  The second strategy was to use different 

probability elicitation techniques for different types of nodes (Renooij 2001).  Where it was 

feasible to think of probability in terms of proportions, such as shrimp survival, we asked the 

farmers to think in those terms (for example, what proportion of the crop would survive under 
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given conditions).  In contrast, for nodes where calibration by the farmers was difficult due to 

a lack of scientific instruments, such as water salinity, we encouraged experts to think in 

terms of impact on a crop (e.g. the state of high salinity, identified by tasting pond water, 

would be that which damages rice and shrimp).  The third strategy was to incorporate 

multiple stages of verification where different facilitators verified network structure and the 

CPTs with different farmers from those who defined them.  These steps ensured the final 

network was a broad consensus model that represents our best interpretation of the experts’ 

understanding of the system.   

A feature of many applications of BBNs is that they may be context specific, with network 

models often being applicable for the setting in which they were developed for local use only 

(e.g. Ticehurst et al. 2007; Rahman et al. 2015).  This is a clear advantage because the 

network can represent very specific factors and quantify probabilistic responses to locally 

relevant causal processes (McDowell et al. 2009).  However, the lack of generality can limit 

the transferability to related systems with slightly different contexts.  Our approach of 

drawing on experts from multiple regions, including for model validation, helped to ensure 

the potential for regional application of the network.  The factors that emerged as important 

tended to be physical processes, which may be more general and therefore apply in other 

locations.  Developing BBNs that are more broadly relevant can provide farmers and policy 

makers with a decision support tool that applies beyond a small geographic region.  This is 

particularly plausible where physical processes that are not context dependent are modelled.  

Multiple sources of data, including experimental research data from related systems, can 

subsequently be incorporated with the expert opinion. 

4.4 Conclusion 
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With farmers in marginal agricultural lands facing an ever-growing list of factors that 

increase the risk of crop failure, innovative modelling techniques are increasingly relevant to 

ensure the research process leads to tangible benefits for crop production and land 

management.  A process such as that presented here provides numerous benefits to engage 

farmers in the research process and develop a netwok model that is specifically relevant to 

them.  The network itself includes farm-level factors, such as soil and water salinity, as well 

as larger scale factors that are outside the control of the individual producer but are vital 

constraints on production, such as rainfall conditions.  Given the expected changes to these 

factors due to climate change and increasing flow diversion of the worlds’ rivers, quantifying 

their impact on risks to production and identifying decisions available to local farmers to 

mitigate them, becomes increasingly important.  While not a panacea, research and modelling 

that engages farmers in the construction of probabilistic models of their agricultural systems 

offers a great step forward.   
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7. Tables 

 

Table 1. Elicitation approaches used to populate conditional probability tables within the final 

BBN.  Direct methods consist of those where the expert is asked to state their expectation of 

each state of the child node given certain states of the parent node(s).  In direct methods are 

where the expert is asked a series of related questions to identify where their belief lies about 

the nodes.   

Method Type of 

elicitation 

Number of 

experts per node 

Information required 

Survey method Direct 10+ Statement of single most 

probable outcome 

Direct elicitation Direct 1-3 Proportion/frequency/probability 

Gambling Indirect 1-3 Odds of changing bet under 

different parent node conditions 
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Table 2.  The top five most influential ancestral nodes on the outcome of the two child nodes 

(risk of rice and shrimp failure), and two additional key nodes in the network (wet season 

water quality and shrimp survival rate).  Entropy reduction is a statistic that summarises the 

effect of ancestral nodes on the child node of interest, larger values indicate more influence 

(Marcot et al. 2006).  

Nodes Entropy reduction Percent 

Child node Risk of rice failure 

  

 

Wet Season water quality 0.48 36 

 

Soil quality 0.2 14.9 

 

Wet season water salinity 0.12 9.1 

 

Soil salinity 0.10 7.7 

 

Fertiliser regime 0.09 6.8 

    

  

Child node Wet Season WQ 

  

 

Soil quality 0.68 48.9 

 

Salinity 0.42 30 



32 
 

 

Soil salinity 0.32 22.8 

 

Platform preparation 0.18 12.8 

 

Soil pH 0.17 12 

    

  

Child node Risk of shrimp failure 

  

 

Shrimp survival rate 0.56 32.3 

 

Shrimp disease 0.21 12.1 

 

Shrimp stress 0.15 8.7 

 

Lab lab 0.06 3.2 

 

Stress detection timing 0.02 0.9 

    

  

Child node Shrimp survival rate 

  

 

Shrimp disease 0.298 28.7 

 

Shrimp stress 0.226 21.7 
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Lab lab 0.144 13.8 

 

Stress detection timing 0.027 2.58 

  Shrimp stocking density 0.027 2.57 
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8. Figures 

 

 

Figure 1.  a) Map of the region showing the three provinces on the southern Mekong Delta 

where the expert elicitation workshops took place.  b) Conceptual diagram of staged iterative 

process expert elicitation process across all three provinces.   
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Figure 2.  Schematic of BBN showing the change in probability of different states of a child 

node given different conditions in the parent node. 
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Figure 3.  The final BBN representing the knowledge and experience of the participating farmers and extension officers.
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Figure 4.  The complete BBN with both child nodes set to (a) low risk of crop failure and (b) 

complete crop failure.  With conditions set in the child nodes, each BBN shows the range of 

potential scenarios under which these outcomes can occur.   

(a)

(b)

Nutrient load
High
Low

75.7
24.3

Water temp
High
Low

70.9
29.1

Lab lab
Outbreak
Small amount
Absent

30.7
12.9
56.4

Risk of shrimp failure
Crop failure
High risk
Medium risk
Low risk

   0
   0
   0

 100

Washing source water
Rain
River

86.5
13.5

Wet season onset
Early
Late
Average

40.5
32.8
26.7

Seed stock quality
Strong
Average
Weak

6.14
32.8
61.1

Stress managment
Manage WQ
Apply antibiotics
Harvest immediately
Kill cohort

99.3
.056
0.62
   0

Size of shrimp at stress detection
Below mkt size
Above mkt size
No disease

7.78
1.56
90.7

Disease
Present
Absent

0.21
99.8

Secchi depth
0 to 10
10 to 30
30 to 40
40 to 100

42.2
13.4
21.7
22.8

28.3 ± 27

Rice colour
Green
mild yellow
yellow
very yellow

29.4
29.9
22.8
17.9

Platform soil pH
Acid
Balanced
Alkaline

13.9
69.9
16.1

Soil tilling
Yes
No

56.3
43.7

Soil salinity
High
Moderate
Low

8.90
45.9
45.2

Soil washing
Good
Average
Poor

74.6
23.4
1.99

Lime soil
CaO
CaCO3
Other
No

30.1
31.7
22.9
15.4

Water colour management
Zeolite
DAP URE KaLi

45.5
54.5

Dissolved oxygen
High
Medium
Low

45.9
36.8
17.3

Wet season water salinity
High
Moderate
Low

   0
32.0
68.0

Risk of rice failure
Crop failure
High risk
Medium risk
Low risk

   0
   0
   0

 100

Rice salt tolerance 
High
Low

55.4
44.6

Platform soil quality
Good
Moderate
Poor

60.5
39.5
   0

Fertiliser regime
As recommended
Below recommended
Above recommended

51.7
48.3
   0

Wet season type
Late and dry
Late and wet
Early and dry
Early and wet
Average wet
Average and dry

   0
32.8
   0

40.5
20.5
6.16

Platform preparation
Good
Average
Poor

55.4
35.5
9.18

Soil nutrient load
High
Low

75.5
24.5

Shrimp stress
No visible stress
Mild stress
Highly stressed

79.2
19.1
1.69

Stress detection timing
Early season
Late season
No discovery

6.36
2.98
90.7Wet season WQ

Good shrimp
Good rice
Balanced
Neither

   0
 100
   0
   0

Shrimp survival
High
Low
Zero

 100
   0
   0

Rainfall volume
High
Average
Low

47.7
51.6
0.69

Shrimp stocking density
Low
Medium
High

63.4
33.5
3.08

Nutrient load
High
Low

82.1
17.9

Water temp
High
Low

76.8
23.2

Lab lab
Outbreak
Small amount
Absent

59.4
9.96
30.6

Risk of shrimp failure
Crop failure
High risk
Medium risk
Low risk

 100
   0
   0
   0

Washing source water
Rain
River

86.3
13.7

Wet season onset
Early
Late
Average

11.4
7.76
80.9

Seed stock quality
Strong
Average
Weak

12.2
34.7
53.1

Stress managment
Manage WQ
Apply antibiotics
Harvest immediately
Kill cohort

97.9
0.14
1.96
   0

Size of shrimp at stress detection
Below mkt size
Above mkt size
No disease

16.7
3.06
80.2

Disease
Present
Absent

35.0
65.0

Secchi depth
0 to 10
10 to 30
30 to 40
40 to 100

36.9
20.7
7.02
35.5

33.3 ± 30

Rice colour
Green
mild yellow
yellow
very yellow

20.6
23.1
28.1
28.3

Platform soil pH
Acid
Balanced
Alkaline

44.3
45.5
10.2

Soil tilling
Yes
No

51.5
48.5

Soil salinity
High
Moderate
Low

56.5
32.1
11.4

Soil washing
Good
Average
Poor

67.3
29.4
3.30

Lime soil
CaO
CaCO3
Other
No

26.3
26.7
24.5
22.5

Water colour management
Zeolite
DAP URE KaLi

46.1
53.9

Dissolved oxygen
High
Medium
Low

28.7
50.0
21.3

Wet season water salinity
High
Moderate
Low

77.6
17.4
4.95

Risk of rice failure
Crop failure
High risk
Medium risk
Low risk

 100
   0
   0
   0

Rice salt tolerance 
High
Low

48.7
51.3

Platform soil quality
Good
Moderate
Poor

13.2
36.5
50.3

Fertiliser regime
As recommended
Below recommended
Above recommended

38.9
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Shrimp survival
High
Low
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Figure 5.  The effect of the most influential parent nodes of the rice node, water quality and 

soil quality.  Changes in these nodes lead to the greatest change in the risk of rice failure.  
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Figure 6.  The effect of the most influential parent nodes of the shrimp node, shrimp survival 

and shrimp disease.  Changes in these nodes lead to the greatest change in the risk of shrimp 

failure 

 


