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Abstract: Increased carbon dioxide emissions are driving changes in the chemistry of seawater in a 
process termed ‘ocean acidification’ (OA). Globally, this is predicted to impact on coastal fisheries, 
especially those consisting of calcifying organisms (e.g. mollusks and crustaceans). The impact might 
also depend on synergistic co-stressors such as a concomitant increase in seawater temperature and 
the resilience of other biota. However, the framing of OA as a future problem coupled with the complexity 
of coastal systems means that assessing fisheries vulnerability to OA is characterised by strong 
variability and uncertainty. It is further characterised by strong socio-economic dimensions given the 
increasing demand on seafood as a protein source. We have examined the vulnerabilities of, and 
potential management interventions for, mollusk and crustacean fisheries in Queensland (Australia) to 
OA using a Bayesian network (BN) modelling framework. An advantage of this approach is that it 
provides a probabilistic framework for assessing causality between drivers, impacts and responses while 
conditional probabilities allow for straightforward integration of environmental, social and economic data. 
It also enables models to be developed, even when data is scarce or uncertain. We have drawn upon 
“expert opinion” in developing this model, including construction of the causal network and the 
underlying probabilities. The resulting BN indicates that the crustacean fishery (represented in our model 
by two prawn species) is more resilient to increasing OA conditions than the mollusk fishery (represented 
by one scallop species).  
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1. INTRODUCTION 

 
The ecosystem services provided by coastal waters are extremely vulnerable to the effects of ‘Ocean 
acidification’ (NRC, 2010). This has major implications for marine ecosystem goods and services, 
including the provision of seafood (NRC, 2010). In particular, there is strong concern about commercially 
important species that directly utilise calcium carbonate (CaCO3) (e.g. shellfish and crustaceans) and/or 
are vulnerable to the effects of hypercapnia through increased extracellular CO2 (Pörtner et al., 2004; 
NRC 2010). Even before the emergence of ocean acidification (OA) as a threat to ‘seafood security’, 
increased demand for seafood-based protein had already seen many fishing stocks depleted through 
over-exploitation (FAO, 2010). Additionally, climate change effects such as increased water temperature 
and rainfall patterns also exacerbate the vulnerability of fisheries (IPCC, 2007). Therefore, the ability of 
marine systems to provide seafood in the face of decreasing pH cannot be viewed in isolation but rather 
needs to be contextualised alongside (or embedded within) other system stressors such as overfishing 
and climate change.  
 
Based on this premise, the aim of this project is to use a Bayesian network (BN) model to explore the 
vulnerability of two calcifying phylum (mollusca and crustacea) to the combined effects of OA and 
climate change in fisheries in the context of complexity and uncertainty. The backdrop for this 
assessment is the Queensland East Coast Otter fishery, Australia where key species are the eastern 
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king prawn (EKP) (Melicertus plebejus), the brown tiger prawn (BTP) (Penaeus esculentus) and the 
saucer scallop (Amusium balloti) (Queensland Government, 2012). These three species are the focus 
of our model development and assessment. 
 
 
2. MATERIALS AND METHODS 
 
This section describes the methodological process followed to create our BN. For this, we follow 
Nadkarni and Shenoy (2004), who address the systematic process of first developing causal maps 
(termed ‘systems conceptualisation’ in our research) and then transforming these into BN models.  
 
 
2.1  Systems conceptualisation 
 
The starting point for developing the BN model was constructing a conceptualisation of the system 
involved. This conceptualisation does not represent the flow of some model currency (e.g. carbon) but 
rather the ‘causal concepts’ that exist with the system and the ‘causal connections’ (Nadkarni and 
Shenoy, 2004) involved. For this, we drew heavily upon the multi-disciplinary background of the co-
authors, which encompasses expertise in (but is not limited to) systems modelling, ocean acidification, 
fisheries management, ecology and economics.  
 
 
2.2 Bayesian network model 
 
BN modelling is a methodology that is well-suited to representing causal relationships between variables 
in the context of variability, uncertainty and subjectivity, even when data is sparse or disparate (Nadkarni 
and Shenoy, 2004). It also provides a mechanism, via the underlying probabilistic framework, to 
integrate social, economic and environmental variables within a single model (Kjærulff and Madsen 
2008). The direction of the arrows or arcs that link nodes (variables in the system) indicates the direction 
of causality, also known as the direction of conditional dependence. This conditional dependence is an 
important pillar of BNs, helping to make them mathematically tractable (Kjærulff and Madsen 2008). In 
a BN, nodes represent variables that are comprised of a set of possible discrete states that cover all 
possible conditions for that node (e.g. if the node represents car colour then the discrete states will 
include “red”, “green”, “white” etc), are mutually exclusive (i.e. only one state can be true at a given time) 
and are consistent with the variable that they are describing (Kjærulff and Madsen 2008). Conditional 
probability tables (CPTs) are then used to quantify the strength of relationship between ‘connected’ 
(through arcs) nodes by specifying the probability that a specific state for a ‘child’ node (the dependent 
node) will be observed given specified states for the parent node(s) (the independent node). In 
developing our expert-based BN from a conceptual modelling framework we follow the systematic 
approach outlined in Nadkarni and Shenoy (2004) that relates to ensuring that the nodes that are linked 
by arcs are conditionally dependent and that the model is acyclic (no feedback loops). We use Netica 
software to develop and test our model. 
 
 
3. RESULTS AND DISCUSSION 
 
3.1  System conceptualisation 
 
The conceptual model that was developed (Figure 1) has been separated into five sub-modules (OA; 
Food Web; Nutrient; Economic; and Management modules). These are colour-coded (as shown in 
Figure 1) and are described in the following sub-sections.  
 
OA sub-module: This sub-module (green nodes) incorporates the speciation reactions that are initiated 
by changes in the partial pressure of carbon dioxide (PCO2). These relationships are relatively well-known 
and have been detailed elsewhere (e.g. Dickson et al., 2007). Briefly, and for a system where pH is ca. 
8.1, as PCO2 increases, the aqueous concentrations of H+, H2CO3, HCO3

- and B(OH)3 increase whilst 
CO3

2- and B(OH)4
- decrease. The solubility state of calcium carbonate (ΩCaCO3), which is a fundamental 

building block for calcifying organisms and therefore important in our assessment, is dependent on 
temperature, pressure (water depth) and the concentrations of Ca2+ and CO3

2-. This sub-module also 
has two nodes that provide the linkage between the phenomenon of OA and the food web (where the 
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fisheries lie). These are (i) calcification rate and (ii) acid-base balance (hypercapnia), both of which are 
prominent foci of current OA research (NRC, 2010).  
 
Food web module: This sub-module (yellow nodes) focuses on the interconnectivity of a generic food 
web in the context of a fishery stock. This includes seston availability (food for the fishery species, 
typically comprising Phytoplankton and Zooplankton), Competing Grazers and Predators and the 
associated predator-prey feedback linkages (i.e. predator is positively related to prey, increasing in 
population when prey population increases, but prey is negatively related to predators, decreasing in 
population as the predator population increases). The fish stock (here representing M. plebejus, P. 
esculentus and A. balloti) has been separated into components of quality (Stock Condition) and quantity 
(Stock Quantity) – the rationale is that, while these characteristics are inherently linked, this approach 
allows a more nuanced understanding of its complexities. For example, the impact of chronic OA on 
fisheries is likely to be on the condition of the stock, which will then manifest as an impact on quantity 
through changes such as in survival, development and fecundity (Ries et al., 2009). Conversely, the 
impact of commercial fishing is, at a basic level, on the population (quantity) of the stock (FAO, 2010). 
Finally, thermal tolerance is also included as a node to reflect the synergistic effect of OA and water 
temperature on the thermal tolerance of aquatic species (e.g. Dissanayake and Ishimatsu, 2011). 
 

 
Figure 1. General conceptualisation of commercial fisheries in context of ocean acidification, climate 
change and socio-economics. Colours indicate ‘clustering’ of variables within one of five thematic 
modules (Ocean acidification; Food Web; Nutrient; Economic; and Management). Hexagons indicate 
driver variables for the system, circles indicate dependent variables.  Polarities (+/-) indicate whether 
the relationship between variables is positive (both variables increase) or negative (as one variable 
increases the other decreases) respectively. 
 
  
Nutrient module: This sub-module (pink nodes) reflects the nutrient dynamics, which provides much of 
the anthropogenic impact on primary production (and thus links human activity with the food web). The 
anthropogenic effect is driven by the local Population, which influences both the point- and diffuse- 
loadings of nutrients into receiving waters. The role of sediment-pelagic coupling of nutrients and Water 
Clarity (through wind-driven resuspension) is also included.   
 
Economic module: For this sub-module (light blue nodes), we have used a simple supply-demand 
model composed of four elements (Costs; Demand; Price; Income) coupled to the main system 
conceptualisation through the node Stock Quantity. Income, which is a priority consideration for Fishers 
(Tiller et al., 2013), is dependent on the Costs of fishing and the gross return on their product (based on 
demand-driven Price of the product and the quantity of fish stock).    



R.G. Richards et al. / Ocean acidification and Fisheries – a Bayesian network approach … 
 

 
Management module: This sub-module (orange nodes) is also coupled with the main system through 
the node Stock Quantity and includes representations of the fishers (Harvest and Fishing Effort) and 
regulators (Licence Conditions; Available Quota).  
 
System drivers: We identified six drivers (represented by hexagons in Figure 1) that are mostly 
independent of our defined system. The exception is Water Temperature (hereinafter referred to as 
temperature), which we have highlighted as being partially dependent on cold-water Upwelling and 
catchment Runoff.  
 
[pCO2]: The partial pressure of carbon dioxide, pCO2, drives the ‘ocean acidification effect’ through a 
series of chemical reactions as described in Dickson et al., (2007).   
 
Water temperature: This plays a notable role in biogeochemical dynamics, including influencing the 
effects of OA through changing the solubility state of ΩCaCO3. From a food web perspective, temperature 
influences nutrient cycling, physiological functioning (e.g. growth rates) and provides environmental 
cues (e.g. onset of gametogenesis). Additionally, recent studies indicate a strong synergistic effect 
between temperature and OA on several commercially important species, including penaeid prawns 
(e.g. Dissanayake and Ishimatsu, 2011).  
 
Meteorological drivers (wind speed and rainfall): In coastal waterways, rainfall-mediated runoff and 
wind-driven resuspension are important determinants of ecosystem functioning, transporting nutrients 
and sediment into coastal waterways. It also drives estuarine mixing with oceanic waters, causing 
spatio-temporal gradients in important OA parameters including pH, dissolved inorganic carbon, total 
alkalinity and ΩCaCO3. Wind speed is also known to be determinant of pelagic-sediment coupling, 
especially in shallower estuaries (Birch and Hogg, 2011). 
 
Pressure: Water pressure is included as a driver in our conceptual model to acknowledge the role that 
it has in influencing ΩCaCO3 (Dickson et al., 2007). 
 
Upwellings: These provide seasonal pulses of cold deep-ocean waters to coastal shelf areas that are 
characteristically nutrient-rich but can have low pH (Feely et al., 2008).  
 
Population: We have included population purely as a key driver of point-source nutrient loading via 
wastewater treatment plants based on the assumption that there is a positive correlation between 
population and loading.  
 
 
3.2  Bayesian network model 
 
The BN model developed from the conceptualisation is presented in Figure 2. This contains 23 nodes 
(22 ‘nature’ and one ‘decision’). The nature nodes have each been discretised with two states whereas 
the decision node (Target Species) contains states, one for each of the fishery species.  
 
The conceptual model consisted of 39 nodes and therefore the initial stage of developing the BN was 
to reduce the number of nodes to a more practical number. To help with this process it is useful to define 
the spatial and temporal context for the development of the BN. The spatial context for applying this 
model is the shallow coastal shelf area of Queensland (Australia) where the commercial fishery 
operates. The temporal context combines seasonal and long-term aspects; the seasonal context allows 
short-term changes in conditions to be captured whilst the long-term context provides an avenue for 
introducing the chronic onset of climate change (e.g. change in annual sea surface temperature and 
pCO2).  
 
OA: The OA chemistry has been simplified in the BN by aggregating eight of the variables involved (see 
Figure 2) into a node called pCO2. This approach was taken because pCO2 is strongly correlated with 
the chemical species involved in these reactions (see Dickson et al., 2007). ΩCaCO3 (CaCO3 Saturation 
State) was retained as a node although the effect of Depth was discarded because the study area is the 
shallow coastal shelf, where pressure effects will be minimal. Acid-Base Balance and Calcification Rate 
were retained as these provide the two broad pathways for OA impacting on biota. However, we have 
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not included Upwellings as this phenomenon occurs sporadic and regional and is not a broad 
oceanographic feature of Queensland’s east coast shelf area. 
 
Food web: Most of the food web nodes from the systems conceptualisation (Figure 2) have been 
retained in the BN. However, the feedback pathways that characterised this component in the systems 
conceptualisation presented a challenge because BNs do not allow cyclical pathways in the structure 
(Kjærulff and Madsen 2008). We assumed top-down and bottom-up control for the fishery stock i.e. the 
population of the stock was dependent both on the predator and prey (seston) populations but not vice 
versa. This assumes (1) that the predators are not limited by the stock and (2) the seston is not affected 
by the stock. However, we do assume that competing biota on the same trophic level (Competitor 
Population) can affect the seston concentration, which implies that the competitor population is much 
larger (and/or more efficient grazers of seston) than the stock population. To simplify the potential OA- 
and temperature-mediated effects on the predators and competitors, we have introduced ‘resilience’ 
nodes. These are assumed here to subsume the effects of hypercapnia, calcification rate and thermal 
tolerance into a single variable. We have not included a similar resilience node for the seston because 
it already has four parent nodes – the addition of a fifth parent doubles the size of the CPT, increasing 
the difficulty (and reducing tractability) of assigning expert-based probabilities. 
 
Nutrients: This has been reduced to diffuse and point source loading rates. Season provides the rainfall 
information (consistent for sub-tropical and tropical latitudes i.e. Wet season infers high rainfall and Dry 
season infers low rainfall). We have not explicitly included (human) population as this is considered to 
be aggregated within the nutrient loading rates.  
 
Economic: This component of the BN generally reflects the conceptual model. However, we have 
assumed that demand is independent of supply as a means of removing the feedback pathway shown 
in the conceptual model.    
 
Management: This has been reduced to two nodes, Fishing Effort and Harvest and provides the 
linkages for trading-off costs and benefits.  
 
 
3.2.1 Model Parameterisation 
 
At this stage of the model development, we have taken a simplistic approach to populating the CPTs. 
As a starting point, we have assumed that each parent is equally likely to affect the child node and that 
these affects are additive. We also assumed that for one specific combination of parent node states the 
probability of the associated child node being in one of its specified states is 100%. Similarly, there is 
another combination of parent node states where the probability of the child node being in this same 
state is 0%. For the other combinations of parent states, we assign intermediary percentages that reflect 
the changing conditions for the child node from favourable to unfavourable. This is perhaps best 
illustrated with an example. Table 1 shows the probabilities assigned for the child node Predator 
Population, which has parent nodes of Predator Resilience, pCO2 and Water Temperature. For scenario 
4 (shown in grey in Table 1), we have specified 100% probability of observing a ‘High’ Predator 
Population for this combination of parent states. Similarly, for scenario 5, we have specified 0% 
probability of observing ‘High’ Predator Population. For the other six scenarios, we assigned scaled 
percentages that reflect whether the conditions are becoming increasingly or decreasingly favourable 
for the Predator Population. Note that by assigning 100% (or 0%) to a child node state does not infer 
that the outcome for the child node is certain for a particular scenario. Rather, we do this as a consistent 
approach to assigning probabilities at this first stage of parameterising the BN. To date, much of our 
effort has been placed in developing the structure of the BN and we now begin the process of updating 
the model through the parameterisation process (Kjærulff and Madsen 2008). The approach is 
consistent with Bayes theory, which allows probabilities to be updated when new data and/or knowledge 
becomes available.   
 
We did not apply the above simplistic approach to all CPTs.  For CPTs where Target Species was a 
parent (i.e. Acid-Base Balance and Calcification Rate), we used our expert judgement in assigning 
percentages to reflect species-specific differences in Acid-Base Balance and Calcification Rate. 
Specifically, this was based on the emerging literature that shows that crustaceans are better able to 
cope with hypercapnia and calcification under OA than mollusks (e.g. Ries et al., 2009).     
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Table 1. Conditional probability table for child node Predator Population. The grey shading indicates a 
scenario where the parent states lead to 100% probability of observing a ‘High’ Predator Population. 

Scenario Predator 
resilience 

pCO2 Water Temperature Predator 
population 

 High Low 

1 High Increased Warmer than average 33 67 
2 High Increased Not 66 34 
3 High Not Increased Warmer than average 66 34 
4 High Not Increased Not  100 0 
5 Low Increased Warmer than average 0 100 
6 Low Increased Not 33 67 
7 Low Not Increased Warmer than average 33 67 
8 Low Not Increased Not 66 34 

 
 
3.2.2 Sensitivity Testing 
 
We undertook sensitivity analyses testing on the BN, using Stock Quantity as the focus point. We tested 
the model separately for eastern king prawn (EKP) and Saucer scallops (brown tiger prawn has similar 
settings to EKP and so was not tested here). We set the model to two scenarios by specifying the root 
nodes (nodes without parents i.e. system drivers) as depicted in Table 2. Scenario 1 represents low 
impact OA – temperature conditions whilst Scenario 2 represents high impact OA – temperature 
conditions. The Season node was adjusted for the two scenarios depending on whether the EKP (dry 
season) or Saucer scallops (wet season) were being assessed as the target species based on their 
harvesting schedule (Queensland Government, 2012).    
 
 
Table 2. Probability settings for root nodes in the BN 

NODE Scenario 1 Scenario 2 

Season Dry = 100% a 
Wet = 100% b 

Dry = 100% a 
Wet = 100% b 

pCO2 Increased = 25% Increased = 100% 
Long term temperature trend Increasing = 25% Increasing = 100% 
Catchment cover Sparsely Veg. = 50% Sparsely Veg. = 50% 
Point Source Loading Rate High = 50% High = 50% 
Predator Resilience High = 50% High = 50% 
Competitor Resilience High = 50% High = 50% 

a EKP main harvest occurs March-July 
b Saucer scallops main harvest occurs October - March 

 
 
Under scenario 1, the quantity of both Saucer scallops and EKP showed comparable sensitivities. Given 
that the species-specific differences in the BN reside with the OA-nodes, this is an unsurprising outcome. 
However, under scenario 2 (OA and temperature impacted conditions), the saucer scallops were more 
sensitive to the attributes of OA (changed Acid-base balance and Calcification rate) than EKP, reflecting 
the species-specific probabilities assigned in the CPTs involving Target Species. Conversely, EKP 
appeared more sensitive to the seston concentration and by extension, the populations of Predators 
and Competitors. However, this is an artefact of the lesser influence of Acid-Base Balance and 
Calcification Rate on the Stock Condition.  
 
 
3.2.3 Scenario Testing 
 
We undertook preliminary testing on the BN model for the following scenarios: 

 A baseline condition where there is no impact of increased water temperature (Water Temperature: 
NOT [warmer than the annual average]) or OA (pCO2: Not Increased); 

 Conditions affected by increased water temperature only (Water Temperature: Warmer than 
average; pCO2: Not Increased); 

 Conditions affected by increased OA only (Water Temperature: NOT; pCO2: Increased); 
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 Conditions affected by both increased water temperature and OA (Water Temperature: Warmer 
than average; pCO2: Increased); 

 

We used these scenarios to provide exploratory assessments of how these different climatic scenarios 
might impact on the Stock Quantity and Stock Condition of the three target species. The results of this 
testing is summarised in Table 3 (showing the probability that the state of variables will be HIGH).  
 
The results of the scenario testing indicate that there is an increasing probability that the quantity of all 
three species will increase with the onset of increased water temperature and pCO2 (OA). Conversely, 
the condition of the species declines with this onset, with the combined temperature-OA conditions 
providing the lowest probability of HIGH condition product.   
 
 

 
Figure 2. Bayesian network model developed for ocean acidification and fisheries 
 
 

On its own, increasing water temperature is shown (in the BN model) to increase the quantity of the two 
prawn species and the scallop species (Table 3). However, the model is parameterised so that 
increasing water temperature has a direct negative impact on stock condition (see Figure 2 and the arcs 
connecting the nodes Water Temperature and Stock Condition). The resulting increase in stock quantity 
is largely explained (again in the model) by the relative effect that temperature has on the Predator 
Population  (negative), Competitor Population (negative) and the Seston Concentration (positive). 
Furthermore, there is a role of water temperature in offsetting the impacts of OA on calcification rate 
because it increases CaCO3 saturation rate (ΩCaCO3). That is, as water temperature increases, the 
probability that ΩCaCO3 falls below 1 (the threshold for CaCO3 formation) will decrease. Similarly, 
increasing pCO2 (and therefore increasing OA conditions) also resulted in increased probability of Stock 
Quantity but decreased probability of Stock Condition compared to the baseline condition. Again these 
impacts are offset against the impact of OA on predators, competitors and seston. The combined impact 
of increased water temperature and pCO2 continues these observed trends where the probability of 
observing HIGH Stock Quantity and Stock Condition increases and decreases respectfully. Finally, there 
is an observed difference in the impacts (measured through the probability of observed states) on 
scallops and prawns. The CPTs involving the two prawn species have been parameterised identically 
and therefore it is expected that there modelling results are the same – the utility of including two species 
with the same parameter values will not be realised until the BN model is further refined to take into 
account species-specific differences (a natural progression in the development of this model). However, 
the observed difference between species reflects the emerging evidence on different impacts of OA and 
water temperature for each (Ries et al., 2009).   
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Table 3. Probability of observing HIGH stock quantities for the three fishery species for different climate 
scenarios of water temperature and pCO2. 

Scenario East. King Prawns Brown Tiger Prawn Saucer Scallop 
Quantity Condition Quantity Condition Quantity Condition 

Baseline (no increase in water 
temperature or pCO2) 

51.4% 85.8% 51.4% 85.8% 50% 83.0% 

Increased water temperature; 
no increased in pCO2 

60.4% 70.3% 60.4% 70.3% 60.4% 70.3% 

Increased pCO2; no increase in 
water temperature 

63.4% 76.4% 63.4% 76.4% 56.9% 63.2% 

Increase in both water 
temperature and pCO2 

72.6% 61.8% 72.6% 61.8% 67.5% 51.5% 

 
 
4. CONCLUSIONS 
 
This paper has outlined the development and testing of a Bayesian network model that addresses the 
management of two economically important fishery species (prawns and scallops) in the context of 
ocean acidification. This was done by contextualising this assessment within a system framework where 
other stressors (e.g. water temperature; biota competing for same trophic space) reside. Whilst the 
model that we developed has, to date, undergone basic parameterisation, it can already provide some 
insight into the relative vulnerabilities of different fishery species to the emerging phenomenon of ocean 
acidification. Furthermore, the process of developing this Bayesian network model (and the preceding 
conceptualisation) provided a forum for coalescing the collective knowledge brought to this assessment 
by the co-authors. Finally, in using a Bayesian framework, we can update the model as new data 
becomes available – this is the avenue that we are continuing down in its improvement.  
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