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Abstract: Recent computational theories on causal inference, developed by machine learning 

theorists and co-opted by psychologists and cognitive sciences, predict specific patterns of 

behavior when humans infer causal connections in simple systems. However, these theories 

may not be scalable to model complex causal systems, such as ecosystems. Said theories are 

reviewed herein, and future strands of research are suggested.

Introduction
Hannah, a middle school earth science student, was asked to set up an experiment to see if lawn fertilizer 

impacts algal growth, and was recording her final observations to take back to her teammates, who were each 

performing independent experiments of their own. She had carefully controlled for fertilizer amounts in different 

samples, and had a control sample with no fertilizer for comparison. Confident of her results, Hannah returned 

to her group to compare her findings to theirs. She became confused when her teammate, Angela, found that 

dissolved oxygen levels also impacted algae growth. Angela’s results were not as consistent, however, so 

Hannah and her teammates disregarded them in favor of the fertilizer-based theory. 

The above vignette illustrates a common scenario: students integrating information about causal 

relationships in a complex setting, in this case an ecosystem. Results of different theory-based experiments are 

seemingly at odds, and the students eventually choose one as a dominant model. While parsimonious, this may 

not reflect the actual complex causal relationship within the ecosystem itself. Recent theories of human causal 

inference seem to support the “Occam’s razor” approach to model selection highlighted above, but how can we 

support complex learning assuming said theories are correct?

Background 
Over the course of the last half-century, developmental psychologists and cognitive scientists have endeavored 

to model human causal inference quantitatively. Some models were purely based on relative frequencies of 

candidate events and causes (Jenkins & Ward, 1965), effectively measuring their covariation. Over time, 

researchers altered these equations to account for the strength of the causal connection as well (Cheng, 1997). 

However, both pure covariation and strength-based equations were based on explicit assumptions about the 

structure of the relationship between candidate causes and the observed effect. Recognizing this shortfall, 

Glymour (1998) re-framed Cheng’s (1997) strength-based theory of inference as a type of graphical analysis 

known as a Causal Bayes Net (CBN) with a special type of parameterization known as “noisy-OR”. Based on 

Pearl’s (1988) treatise on graphical causal analysis, the CBN theory of human causal inference predicts that, 

given the proper inputs, humans will make simple causal inferences in a normative manner. We can use the 

scenario in the introduction, above, as an example (Figure 1, below).
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Figure 1. Causal Bayes Net of the causal effect of oxygen (O) and fertilizer (F) on Algae growth (A)

Observing Figure 1, above, we note that a directed edge (arrow) goes from O to A and from F to A, 

indicating that both O and F are independent causes of A. In addition, we note that each causal relationship has 

an associated weight ( bservation of 

covariation. In the scenario above, Hannah “screened off” O as a potential cause, because the strength of the 

relationship between F and A was stronger.  This highlights two points: 1) humans may infer simple causal 

relationships in a manner consistent with CBNs, and 2) this inferential process may prohibit humans from 

identifying complex causal relationships (Grotzer & Tutwiler, in preparation). 

Focusing on the first point, researchers over the last decade have used CBN-based theories to model

and predict human causal inference across different tasks and ages (e.gSchulz & Gopnick, 2004; Griffiths 

&Tenenbaum, 2005). These findings all center on simple causal relationships, however. Researchers in the field 

of machine learning, for which CBN methods were originally developed (Pearl, 1988, 2000), have shown that, 

as systems become more complex, the computations for CBNs become intractable (Bishop, 2006). So, given 

that the core cognitive mechanism used to infer causal connections may force people to form overly simplistic 
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causal models, and that the mechanism can’t be scaled up directly to infer more complex models, which are 

more likely to occur in ecosystems (Grotzer, 2002), how can we better support student learning therein?

Information Theory
One way to help support student understanding of complex systems, assuming a CBN paradigm, is through the 

application of information theory. The degree of surprise (i.e. information) in learning some piece of data “x” is

given as Equation 1 in Table 1, below. The amount of information you have to transmit in order for x to update 

beliefs (i.e. entropy) is given as Equation 2 in Table 1, below. In general, entropy increases as distributions 

become more broad and uninformative.  In other words, if students are exposed to data that they already expect 

(or that they don’t know not to expect), then it takes much more data to override a prior belief. Finally, we can 

also calculate the relative entropy Equation 3, Table 1 (below), or the average addition information required to 

transmit a value (x) if we assume a distribution, q(x), which is not exactly the same as the distribution actually 

generating the data, p(x).  In other words, if the student has the wrong model in mind, the amount of extra 

information, on average, that they have to gather before they correctly discern the value of x, which can then be 

used to update their prior belief, is very high.  In essence, the amount of information needed becomes much

greater as p(x) and q(x) diverge.  
Equation 1 Equation 2 Equation 3

h(x) = -ln*p(x)

Table 1. Equations for 1) Information, 2) Entropy, and 3) Mutual Entropy

Impact on the Design of a Virtual Ecosystem 
Assuming that students will make causal inferences in ways consistent with CBN theories, we can revise the 

design of the EcoMUVE, an ecosystems-based Multi-User Virtual Environment. The theoretical model above 

predicts that students will benefit most from data that is novel, but within their perceptual limits. As such, we 

can first present example causal relationships that are easily discernable as a “training” data set. Then, as 

students learn to discern relevant information, we will add layers of complexity to the system, longitudinally 

increasing the entropy, and observe when students begin to have trouble inferring causal connections. We also 

hypothesize that supporting students in model building/model selection will make learning within the 

EcoMUVE more efficient, due to the decrease in relative entropy.  To that end, we will include more guided 

reflection on possible underlying models of interaction within the system at the end of each day. Future research 

can then directly compare groups with and without modeling support.

Significance
Students have trouble treating ecosystems as complex systems (Grotzer & Basca, 2003; Hmelo-Silver, Pfeffer, 

Malhotra, 2003). Based on a synthesis of modern psychological theories of human causal inference and machine 

learning theories on information detection and processing, the theoretically motivated design strategies outlined 

here indicate a step toward addressing that trend through the strengths of MUVEs (Dede, 2009). In addition, 

future avenues of research are opened by application of these theories.
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