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This presentation will delve into three key areas pertaining to Bayesian network modeling:  
confidence, control, and cause. 
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Confidence here refers to using expert judgment for developing Bayesian network 
probability structures. 
Control here refers to identifying how management can know about the degree to which 
they can control outcomes of their decisions. 

Cause here refers to how Bayesian network models can truly depict causal structures. 
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Let’s begin by exploring the question of confidence. 
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I would like to lobby for use of the term “expert knowledge” instead of “expert opinion.”  If 

we build Bayesian network models at least in part from expert’s input, the models 
should be rigorous, testable, credible, and hold up to peer review scrutiny.  I have 
come to avoid using the term “opinion” in this context, which sounds far more 
capricious and arbitrary.   
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The major first stage in Bayesian network modeling (or any modeling project) should 
always be to clarify the objective. 
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There can be a very wide array of potential objectives and uses for Bayesian network 
models.  And no one model can do it all.  I have told my students and colleagues that 
they should pick their top three objectives, then prioritize those, then pick the top ONE 
from that list. 
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Next, let’s consider a general framework for model-building steps and stages … 
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This graphic depicts a general framework for model-building steps that I had evolved over 
time, and published.  It entails use of expert knowledge to build the first (“alpha”) level 
model, then subsequent uses of peer review, and testing of model sensitivity, accuracy, and 
validation.   

   Source:  Marcot, B. G.  2006.  Characterizing species at risk I:  modeling rare species 
under the Northwest Forest Plan.  Ecology and Society 11(2):10. [online] URL: 
http://www.ecologyandsociety.org/vol11/iss2/art10/.  
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Let’s go through the various steps in building a Bayesian network model under this 
framework.  (The text in these next series of slides provides the main points.) 

11 



12 



13 



14 



15 



16 



17 



18 



19 



20 



Perhaps not every model-building project needs to go through all of the steps listed in this 
slide sequence, but the main steps entailing peer review and model testing and updating 
most lend to ensuring scientific credibility of the final product. 
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So how can, or should, expert judgment (or expert knowledge) be used in building 

Bayesian network models? 
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Depending on the type of model to be developed, and the availability of empirical data (or 
lack thereof) by which to structure and parameterize the model, expert judgment could 
play a key role in building the initial influence diagram (the “boxes and arrows” stage), and 

then to identify probability structures.  The more that a Bayesian network model 
depends on expert knowledge, the more the model-builder should take the time 
and trouble to seek internal and external peer reviews, and then reconcile the 
reviews clearly by updating the model as deemed necessary. 
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In working with a TEAM of domain experts, or at least with MULTIPLE experts, when 
building an expert-based model, first clearly state the modeling goals etc., and then …  
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… then decide if you want to end up with ONE model only, that would represent the 
multiple experts’ collective knowledge in a single network … OR …  
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… or if you want to potentially develop more than one model so as to depict the range of 
the experts’ ideas and experience on model structure and probability parameters.   
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There is a rich history of publications and practices associated with expert elicitation 
methods. 
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There is also a great deal of subjectivity used in denoting expert-judgment “confidence 
levels.” 
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In one of my real-world examples, I led a team of 7 researchers (including wildlife 
biologists, statisticians, & climate scientists) in the modeling of global polar bear 
populations.  We had differing ideas of the overall model structure and its probability 
tables.  From the start, we decided that we wanted to create one model representing the 
consensus of our team, so we instituted a procedure of a “round robin” series of team 
member reviews of the model, each reviewer adding their ideas and edits as it was passed 
around.  The final decision on amending the model was up to the team leader and myself.   

     Source:  Atwood, T. C., B. G. Marcot, D. C. Douglas, S. C. Amstrup, K. D. Rode, G. M. 
Durner, and J. F. Bromaghin.  2015.  Evaluating and ranking threats to the long-term 
persistence of polar bears.  U.S. Geological Survey, Open-File Report 2014-1254.  
http://dx.doi.org/10.3133/ofr20141254.   Anchorage, Alaska.  114 pp.  
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In general, however, note that as the size of an expert panel or modeling team increases, 
the number of potential interactions (and “camps” and debates) has the potential to 
balloon enormously …  

30 



… as depicted with this simple factorial calculation.  So it’s critical to be very clear at the 
onset on team objectives and methods.  Also, I have strived to keep such teams or panels 
to about 5 members, beyond which the debates and differences can quickly grow out of 
hand, UNLESS one asserts a strict structure for querying members, for panel discussions, 
and for closing discussions.   

     In fact, in some Bayesian network applications in management, I have co-led 
panels up to 10 members strong with great success, by clearly structuring 
discussions and meeting agendas.    
     Source:  Marcot, B. G., P. A. Hohenlohe, S. Morey, R. Holmes, R. Molina, M. 
Turley, M. Huff, and J. Laurence.  2006.  Characterizing species at risk II:  using 
Bayesian belief networks as decision support tools to determine species 
conservation categories under the Northwest Forest Plan.  Ecology and Society 
11(2):12. [online] URL: http://www.ecologyandsociety.org/vol11/iss2/art12/.  
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For some expert-based models, I have used Boolean logic as the basis for the conditional 
probability tables.   
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You can easily represent Boolean “or” and “and” functions in conditional probability tables 
…  
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… as shown here with simple, deterministic CPTs. 
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This simple model would then work as shown here and in the subsequent several slides.  
When A is true and B is true, then A or B is true, and A and B is true. 
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When A is true and B is false, then A or B is true, and A and B is false. 
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When A is false and B is true, then A or B is true, and A and B is false. 
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And when A is false and B is false, then A or B is false, and A and B is false. 

38 



Here’s a real-world example of a complex Bayesian network model I developed that is 
essentially entirely based on deterministic conditional probability tables 
representing Bayesian “or” and “and” functions. 
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The project pertained to holding 10-person expert panels in “Annual Species Reviews” to 
determine the appropriate management category for each of dozens of plant or animal 
species …  
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… under the “Northwest Forest Plan,” a multi-agency forest management and conservation 
plan covering western Washington, western Oregon, and northwestern California, in the 
United States.  The Northwest Forest Plan was established to conserve the Northern 
Spotted Owl, salmonid fishes, and the full array of species associated with old-growth 
conifer forests of the region. 
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Part of the regulations under the plan entailed holding “Annual Species Reviews” by a panel 
of 5 biologists and 5 managers (10 total) to advise the decision-makers on the most 
appropriate conservation and management status of each species. 
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The criteria by which the panel was held and evaluated the status of each species were 
provided in (complex) details in a published regulation. 
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The criteria for evaluating each species’ status fell under 6 main headings shown here. 
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The outcome would be for the panel to recommend which of 7 categories each species 
should be placed into – the 7 being the Categories A through F shown above, plus one for 
potentially removing the species entirely from the list.  Each category depending on the 
species’ relative rarity among many other of the 6 criteria in the preceding slide, and each 
category carried different implications for follow-up site management and for the extent 
and type of surveys for the species.   
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The main Bayesian network model looked like this. 
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Here’s an example of one species for which the Criteria 1, 2, 3, 5, and 6 were judged by the 
panel, with criterion 4 unknown so in the model that node was left to its default prior 
probability distribution of complete uncertainty (uniform probability distribution).   
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The outcome in this example here was that this particular species might fit under Category 
B or E. 
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Again, this model was built with deterministic Boolean logic-based conditional probability 
tables …  
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… such as shown here, in part, for that final output node. 
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Now, each input node was actually the result of a submodel representing the published 
guidelines.  For example, category 1 “geographic range” …  
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… is actually the result of its submodel.  Here, nodes 1, 2, and 3 at the top are the three 
criteria explicitly listed in the published regulation guidelines for this particular category, by 
which to determine if a species is within or out of the range of the Northwest Forest Plan.   
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Some of the categories were very complicated, such as the one for ascertaining species 
rarity …  
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… which entailed specifying some 15 different factors according to the regulation 
guidelines.  Here is the submodel for species rarity, using deterministic Boolean logic-based 
conditional probability tables throughout.   
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So this Bayesian network model was very helpful in guiding the Annual Species 
Review panels – who met annually for a number of years running – to navigate 
through the complex web of regulation guidelines.  Use of the model ensured 
consistency among the panelists, and helped identify some key (but inadvertent) 
inconsistencies hiding in the regulation guidelines and to deal with them in a clear, 
open manner.  The Annual Species Review panels used the model to evaluate 
hundreds of species, appropriately as a decision-aiding, not a decision-making, tool.   
     Source:  Marcot, B. G., P. A. Hohenlohe, S. Morey, R. Holmes, R. Molina, M. 
Turley, M. Huff, and J. Laurence.  2006.  Characterizing species at risk II:  using 
Bayesian belief networks as decision support tools to determine species 
conservation categories under the Northwest Forest Plan.  Ecology and Society 
11(2):12. [online] URL: http://www.ecologyandsociety.org/vol11/iss2/art12/.  
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OK, let’s move on to our second major consideration in Bayesian network modeling in 
management …  
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… the issue of control. 
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Here are some key questions about management control. 
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This is a model I built, with mycologist expert input, that predicts habitat suitability and 
presence of a rare bracket fungus. 
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The model is run by specifying values of the input environmental conditions. 
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So what about management “control?”  What can this model tell us about what parts of 
forest structures are more important for this species?  One answer lies in conducting 
sensitivity analysis of the model …  
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… that has identified that vegetative cover, and large-diameter stumps and snags (standing 
dead trees) of noble fir, contribute the most to habitat suitability and presence of this rare 
bracket fungus species.   
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So these three forest stand attributes could the key ones that management might want to 
monitor, and possibly to restore to create habitat for the species.  They are ones also that 
management could control through proper forestry silvicultural prescriptions.   
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In this example, it is assumed that these forest stand conditions cause the habitat to be 
suitable for this bracket fungus species.  The question of causality is central to management 

controllability.  It raises these further questions, as well.  And the use of Bayesian network 
models to conduct what I term “influence runs.”  Let’s look at that for a minute… 
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I differentiate between “sensitivity analysis” and “influence runs” in Bayesian network 
modeling. 
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69 

Here’s an example with the polar bear model. 



This is the polar bear model mentioned previously. 

     Source:  Atwood, T. C., B. G. Marcot, D. C. Douglas, S. C. Amstrup, K. D. Rode, G. M. 
Durner, and J. F. Bromaghin.  2015.  Evaluating and ranking threats to the long-term 
persistence of polar bears.  U.S. Geological Survey, Open-File Report 2014-1254.  
http://dx.doi.org/10.3133/ofr20141254.   Anchorage, Alaska.  114 pp.  
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The final output node here depicts the relative influence of climate change on Arctic sea 
ice, and of other environmental and anthropogenic stressors, on polar bear population 
trend. 
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Running the model for each of four Arctic ecoregions, under two climate change 
scenarios and 6 time period, resulted in probability projections for polar bear 
population trends, as shown here. 



Now, “sensitivity analysis” is run first by setting all inputs (the yellow nodes) to their default 
prior probability distributions.   
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The result of such a sensitivity analysis is essentially a statement about the underlying 
probability structure of the model …  
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… here depicted more clearly in a bar graph.  In this case, it seems that most of the model 
sensitivity pertains to variables related to climate, sea ice, and their effects on key prey 
species of the polar bear.   
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In comparison, what I term an “influence analysis” pertains to determining the influence of 
one or more inputs on model outcome run under a specified scenario, not under default 
prior probabilities of the input nodes …  
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… and by this manner, influence runs can determine the degree to which varying a given 
input factor can affect the overall outcome.  This is then related to the degree of 
management control on that outcome.   
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In the polar bear model, sets of inputs were each varied to determine the degree to which 
each set could help improve (or, contrariwise, further degrade) polar bear futures.   
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I plotted the results of such influence runs this way.  The “normative” or expected 
outcomes under future scenarios is shown here in green, and the other lines depict results 
when specific sets of inputs (that theoretically could be controlled by management) were 
set to their worst or best conditions.   
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For example, with all else being held to “normative” (expected) future conditions for this 
ecoregion under this climate change scenario, if marine prey of the polar bear (including 
marine seals) were to achieve best possible states (the red line), then the probability of 
future polar bear populations being greatly declined could be lessened by as much as about 
10 percent by the end of the century; this could be a significant conservation outcome.  If, 
however, marine prey were to crash, then the probability of polar bears being greatly 
declined would increase by 10 percent or more.  This shows the influence of this factor 
(marine prey) on polar bear outcomes. 
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Conducting similar influence runs for the future of Arctic sea ice shows the most extreme 
influence outcome.   
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I summarized all influence runs this way, in a form of “tornado diagram” as it’s called in the 
literature.  This plot rank-orders the degree of influence – bad on the left (with the bars 
going up), good on the right (with the bars going down) – to clearly show their relative 
differences.  It’s clear from this plot that sea ice and marine prey can have the greatest 
influence on future polar bear populations.  Other factors could contribute as well, but not 
nearly as much.  So this provide management with some clear expectations of outcomes 
should they choose to control certain aspects of the polar bear’s environment. 
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In environmental engineering, such influence results are depicted in a “bow-tie digram” as 
generalize here.   
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The results of influence runs and scenario modeling in Bayesian networks can be then 
put into a decision risk-management framework shown here.  “Risk” is essentially 
the probability of an outcome coupled with the condition or utility of that outcome.  
For example, here, extreme risk results from very high probability of a species such 
as the polar bear becoming rare or extinct.   
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Now let’s address the third of the modeling considerations here:  cause.   
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Let’s ponder how Bayesian network models aid in determining causality. 
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First, here is the causal loop in which I find myself often stuck … but this aside …  
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… it is a truism that no model can reveal causality. 
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Causal mechanisms can be unexpectedly complicated.  For instance, consider that we want 
to understand how some environmental condition “E” affects some species outcome “S.”  
There will always be some unexplained variation “?” in this simple depiction. 
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In a more realistic depiction, the true causal environmental variable E2 could be hidden 
from our research but could be correlated with the variable we do observe, E1.   
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Even more complicated could be another species S2 that somehow affects our target 
observed species S1, such as by S2 being a key predator on S1, or some other ecological 
relationship. 
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It can get complicated quickly in real-world ecological communities consisting of many 
environmental factors and many species.  Also, notice how we are starting to see a 
repeating pattern in this expanded causal web. 
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Here’s a real-world example … what I call “key ecological functions” of wildlife organisms.  
Key ecological functions refer to the active ecological “roles” that organisms play in their 
ecological communities.   
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In this example is the beaver (among other species), who fells trees to dam streams that 
alters characteristics of the water and that creates pond habitats used by a wide variety of 
other species, here shown as salmon.   
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In this model, different management alternatives or strategies (in the blue box) can have 
different affects on habitat elements in turn affecting presence of beavers and other dam-
creating species (e.g., nutria) … ultimately affecting salmon population response.  The point 
here is that causality in this system is not a direct link from the management activity (or its 
initial affect on habitats) to salmon response, but instead travels through other species, 
their key ecological functions, and system responses.   
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There seems to be a self-similarity of patterns …  
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… the deeper you probe into ecological systems …  

97 



… patterns of which result from various kinds of feedback loops and causal connections and 
influences …  
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… which had led me to postulate that causality is fractal …  
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… in that such patterns recur at various scale and appear more or less self-similar. 
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Such fractal patterns could be modeled various ways in Bayesian networks. 
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One key question is, to achieve a stated objective, particularly for management control, 
how much detail is needed in this self-similar, nested causal web structure?  How far do we 
need to zoom in?   
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Remember that Bayesian networks are acyclic digraphs … that are essentially 
Markovian in structure, that is, each node depends only its immediate parent 
nodes.   
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So one question is, how to represent non-Markovian processes in a Bayesian network 
model?  These could be important for depicting the complexity of causal influences 
that could be latent (hidden) or could be operating across time steps, geographic 
scales, or nested functions such as shown in the beaver example.   
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Here’s a simple “cheat” I developed for depicting non-Markovian processes in a Bayes net 
…  
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The project at hand was to project future successional states of a vegetation community 
based on transition probabilities across time periods from the present (t0) into the future 
(t1, t2, t3).  In this model, the transitions occur independently and successively across the 
time periods in a classic Markovian structure where conditions in each time period is 
influenced ONLY by conditions in the immediately preceding time period. 
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For instance, in the present time period t0, let’s say that the vegetation community is 100% 
in successional state A.  This model projects its transitions into future states as shown here.   
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So to “cheat” the Markovian process, one can link successive future time periods to all the 
previous time periods.   
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In this way, future vegetation conditions can be influences by conditions in the immediately 
recent time period AND by those in previous periods as well.  Why is this useful? 
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Well, consider if we introduce some stressor such as climate effect …  
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… that can change the course of vegetation succession at a particular future time period.  
Its influence might play out more strongly over time in such a (pseudo) “non-Markovian” 
structure as this one.   
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One can also introduce other stressors that could have different and additional influences, 
as well.  
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So, although this Bayesian network really is still Markovian (each node is influence 
only by its directly-linked parents), it is functional non-Markovian in terms of the 
influence of time periods.   
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I want to briefly note the difference between probability and likelihood in a Bayesian 
network context, as this has implications for thinking about causality.   
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As we know, a conditional probability table (CPT) in a Bayesian network model 
essentially lists all possible conditions of the parent node(s), shown on the left, and 
the outcome state probabilities of the child node, show on the right.  Here’s an 
example CPT from some model I built.   
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The highlighted row here says that when tree or tall shrub canopy closure is 80 to 100 %, 
and the vegetation zone is Western Hemlock, and the low shrub canopy closure is 0 to 20 
%, then the site has a 70 % probability of being “suitable” (for some species) and 30% being 
“unsuitable.”  Each row in a CPT therefore is a statement of probability – that is, what are 
the possible outcome states (suitable, unsuitable) given some set of prior conditions. 
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Contrast that with a column in the CPT, which represents likelihood  – that is, what are the 
possible prior conditions that could lead to this specified outcome state?   
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In fact, if a CPT is parameterized with “pegged” values of 0 and 100, then the column here 
can be interpreted as a normalized likelihood function.  So again, it is important to 
differentiate between probability and likelihood.  In the context of causality, probability tells 
you potential causal outcomes from some specified prior condition, whereas likelihood 
tells you potential causal conditions that could result in some specified outcome.   
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So now we have delved into these three main aspects of Bayesian network modeling – 
confidence, control, and cause.  
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I’ll finish by suggesting some new areas of research in Bayesian network modeling. 
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First is the need for a deeper theory and tools for modeling fractal causal structures. 
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Second is the exciting area of more formally and fully merging Bayesian network 
modeling with the area of frequentist statistical modeling known as structural 
equation modeling or SEM.  SEM is often used to depict causal structures, as well.   
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And just to mention that some groundwork on this area has been provided by Pearl and 
others. 
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And the third are of new research could be developing an explicit way to represent 

confidence in expert-based Bayesian network models.  Remember that CPTs depict 
probabilities (or likelihoods) of how conditions affect outcomes, but CPTs do not depict the 
degree of confidence in those values. 
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There too has been some groundwork laid for this third area of suggeste research. 
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So I leave you with these suggestions for future research areas.  
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The end!  Now get to work. 
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