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Abstr act. In this paper, we discuss lessons learned from an evaluation of the EA-
Coach, an Intelligent Tutoring System that aims to foster meta-cognitive skills 
during analogical problem solving. The evaluation of the EA-Coach demonstrated 
that overall, it is effective in its pedagogical approach, but that there are instances 
where its scaffolding for meta-cognition is too subtle. We discuss implications of 
this finding in terms of refining the systemÕs support. 

1. Introduction 

Research indicates that how students learn from various instructional activities 
strongly depends on their ability to apply meta-cognitive skills (e.g., [7]). Meta-
cognition refers to ÒoneÕs knowledge concerning oneÕs own cognitive processes and 
products or anything related to themÓ [10]; more informally, meta-cognition can be 
referred to as Òthinking about thinkingÓ. Meta-cognitive skills are therefore domain-
independent abilities that are an important aspect of knowing how to learn in general. 
Unfortunately, not all students can apply meta-cognitive skills effectively, which 
hinders learning outcomes [7, 20, 21]. For this reason, we have been working on 
devising computer-based support to foster meta-cognitive skills in a variety of 
instructional activities. One of the tutors we have developed, referred to as the 
Example-Analogy (EA) Coach, provides tailored scaffolding for meta-cognition during 
analogical problem solving (APS) (i.e., using examples to aid problem solving). This 
instructional context is motivated by research showing that examples are a natural and 
effective means of learning: students rely heavily on examples during problem solving 
when learning a new skill [4, 15], and examples are more effective aids to problem 
solving than hints [16] or general procedures alone [14]. However, research also shows 
that as is the case during other instructional activities, learning gains from APS depend 
heavily on the meta-cognitive skills students bring to bear. Two meta-cognitive skills 
that are relevant to APS and therefore targeted by the EA-Coach include:  

1) min-analogy: solving the problem on oneÕs own as much as possible instead of 
by copying from examples [20];  

2) Explanation-Based Learning of Correctness (EBLC): learning new domain 
principles via a form of self-explanation (the process of explaining and 
clarifying instructional material to oneself [7]). EBLC involves relying on oneÕs 
existing commonsense or overly general knowledge to explain how an example 
solution step is derived [21]. 

Min-analogy and EBLC are complementary meta-cognitive skills that are 
beneficial for learning from APS: min-analogy allows students to strengthen their 
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knowledge through practise and discover knowledge gaps, while EBLC can be used to 
fil l these gaps.  Unfortunately, some students prefer more shallow processes that hinder 
learning, such as copying as much as possible from examples without any proactive 
reasoning on the underlying domain principles (e.g., [20, 21]).  To address this, the EA-
Coach includes several levels of scaffolding for meta-cognition, including (1) an 
innovative example-selection mechanism that chooses examples with the best potential 
to stimulate in a given student min-analogy and EBLC and (2) interface scaffolding to 
further encourage the student to use the example effectively. All this scaffolding is 
fairly subtle. In particular, the EA-Coach does not provide any hints or prompts on 
meta-cognitive strategies or the target physics domain, leaving much of the 
responsibility on the student to learn during APS. This design is intended to stimulate 
students to take initiative in the learning process, rather than enforcing a strict tutorial 
interaction in which students passively follow a tutorÕs directive. The empirical 
findings from the evaluation of the EA-Coach in a controlled laboratory experiment 
that we conducted demonstrated its pedagogical effectiveness in terms of encouraging 
the target meta-cognitive skills [12]. However, the evaluation also showed that some 
students needed more explicit scaffolding for meta-cognition than what is currently 
provided by the system. Therefore, we have been working on incorporating this 
scaffolding, and in this paper, we discuss issues related to its design. 

Given the key role that meta-cognitive skills play in the learning process, there has 
been growing interest in devising computer-based support for meta-cognition. To date, 
however, the EA-Coach is the only ITS to target meta-cognitive skills during APS. 
Consequently, it is the only tutor to support min-analogy, which is specif ic to APS. 
Although some ITS support the meta-cognitive skill of self-explanation, the EA-Coach 
is the only ITS that needs to account for how the presence of an example during 
problem solving will impact studentsÕ self-explanations. The SE-Coach supports self-
explanation during pure example studying, without a problem-solving element [8]. 
Normit-SE [11] and the Geometry Tutor  [2] support self-explanation during problem 
solving, without providing students access to examples. The approach for supporting 
self-explanation adopted by all these tutors is to provide tools to help students derive 
explanations, and/or prompts to encourage them to self-explain, which as we indicated 
above the EA-Coach does not do. There has also been work on supporting other meta-
cognitive skills, including effective help seeking [17], hypothesis generation during 
exploration [18] and reduction of gaming [5]. 

We begin by describing the EA-CoachÕs scaffolding for meta-cognition. Next, we 
describe lessons learned from the empirical evaluation of the EA-Coach, and then 
discuss their implications in terms of ref ining  the systemÕs meta-cognitive scaffolding. 

2. The EA-Coach 

The EA-Coach aims to foster the meta-cognitive skills of min-analogy and EBLC 
in the domain of introductory Newtonian physics. The systemÕs key form of support 
corresponds to its example-selection mechanism. We describe this mechanism after we 
present the scaffolding for meta-cognition embedded in the EA-Coach interface.  

2.1. Scaffolding for Meta-Cognition via the EA-Coach Interface 

The EA-Coach Coach interface includes two windows that students use to solve 
problems and refer to examples (problem and example windows in Fig. 1). The 
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problem windowÕs design is directly based on that in Andes [8], an ITS supporting pure 
problem solving without access to examples. This window allows students to enter the  

problem solution by drawing free-body diagrams and by entering equations via the 
keyboard. The system does not constrain input of the problem solution, in that students 
are free to enter the solution steps in any order and/or skip steps if they wish. The EA-
Coach provides immediate feedback for correctness on studentsÕ problem-solving 
entries, by coloring correct vs. incorrect entries red or green, respectively. This 
feedback is the first form of scaffolding for effective APS provided by the EA-Coach. 
As evidence in cognitive science demonstrates (e.g., [7]) and as we confirmed through 
our pilot studies, some students lack self-monitoring skills and so are unable to 
diagnose their own misconceptions or errors. We argue that immediate problem-
solving feedback can help trigger min-analogy and EBLC in these students. For 
instance, suppose a student with a poor min-analogy tendency is generating the 
problem solution by indiscriminately copying from an example that includes some 
differences blocking ÔcorrectÕ copying of its solution. Immediate feedback for 
correctness can make the student aware of the incorrectly copied steps and so 
discourage excessive copying by highlighting its limitations. As a second example, 
consider a student who inferred an incorrect rule via EBLC from an example and 
applied it to generate the problem solution (students may need several attempts before a 
correct rule is inferred [6]). Feedback for correctness can make the student aware of the 
misconception and encourage her to repair it.  

While working on a problem, students can ask for an example, which the EA-
Coach adaptively selects and presents in the example window (see Fig. 1b). The format 
of the example shown in the example window evolved from our pilot evaluations, and 
is intended to mirror the problem windowÕs format. The example window includes 
mechanisms to provide further scaffolding for the targeted meta-cognitive skills. One 
form of this scaffolding corresponds to the masking interface that covers the example 
specification and solution steps (see Fig. 2; note that the masking interface is not shown 
in Fig. 1). Moving the mouse over a region in the masking interface uncovers the 
region and covers whatever region was previously uncovered. The masking interface is 

 

m=50  

m        mass of block  

a) Problem Window  b) Example Window  
 

Figure 1: The EA-Coach interface 
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intended to (1) help focus studentsÕ attention on 
individual example lines, and (2) discourage 
copying, because of the effort needed to 
explicitly uncover the example solution. To 
further discourage copying, another form of 
scaffolding corresponds to the lack of Copy and 
Paste functionality between the example and 
problem windows. This design is based on 
findings from an earlier study we conducted that 

showed students abused Copy/Paste functionality to indiscriminately copy example 
solutions.  

2.2. Scaffolding for Meta-Cognition via the EA-Coach Example-Selection Mechanism 

In addition to the interface scaffolding described in the previous section, the other 
form of scaffolding provided by the EA-Coach for min-analogy and EBLC corresponds 
to the systemÕs example-selection mechanism. Specifically, when a student asks for an 
example during APS, the EA-Coach selects the one from the pool of available 
examples stored in the system that has the best potential to meet the following two 
objectives: (1) learning: the example triggers learning by supporting min-analogy and 
EBLC and (2) problem-solving success: the example helps to solve the problem.  

In order to find appropriate examples that enable learning and successful problem 
solving, a key factor that needs to be taken into account is the similarity between the 
problem the student is working on (target problem from now on) and the selected 
example, because it impacts the APS process. For instance, differences between the 
target problem and the example may hinder both learning and problem-solving success 
during APS, if students lack the skills to bridge the differences [13]. However, there is 
also evidence that although highly-similar examples support problem-solving success, 
they may interfere with learning, possibly because they allow the problem solution to 
be generated by copying of the example solution [15]. Unfortunately, to date there is a 
lack of full understanding on how different levels of similarity impact studentsÕ APS 
behaviors and whether some kinds of similarity support both learning and problem-
solving success. In our work, we propose: (1) a novel classification of problem/ 
example differences and (2) hypotheses regarding their impact on APS. Since this is 
described in [9], in this paper we only highlight some of the key features of our 
classification and associated hypotheses.  

We classify two solution steps as structurally identical if they are generated by the 
same rule and structurally different otherwise. To illustrate this, Fig. 3 shows fragments 
of the specif ications/solutions for the problem/example pair in Fig. 1, including two 
structurally-identical pairs of steps (see Pstepn/Estepn, and  Pstepn+1/Estepn+1, Fig. 3). 
Now, two structurally-identical steps may be superficially different (e.g., see Pstepn/ 
Estepn, and  Pstepn+1/Estepn+1, Fig. 3). We classify differences between structurally 
identical steps as trivial or non-trivial, based on the type of transfer from problem to 
example that a given difference allows: (1) trivial differences allow example steps to be 
copied because they can be resolved by transformational analogy (i.e., using the 
problem/example specif ications as a guide to substitute example constants via ones 
needed for the problem solution; as is the case for Pstepn/Estepn, Fig. 3);  (2) non-trivial 
differences can not be resolved by transformational analogy and so require more in-
depth reasoning such as EBLC to be resolved (as is the case for Pstepn+1/Estepn+1, Fig. 
3). Given that trivial differences can easily be resolved, we argue that (1) non-trivial 

 

Figure 2: The masking interface 

First, we choose the crate as the 
body, using the body tool 
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differences have better potential than trivial differences to encourage min-analogy and 
EBLC for students with poor knowledge and meta-cognitive skills, and (2) neither type 
of difference (trivial, non-trivial) interferes with problem-solving success (since the 
problem/example solution steps corresponding to the difference are generated by the 
same rule, meaning that the example affords the student the opportunity to learn the 
rule needed to derive the problem step).  

Our hypotheses regarding the impact of problem/example differences on learning 
and problem-solving success are embedded into the EA-CoachÕs example-selection 
process. A challenge with our approach, however, is how to find examples that are 
different enough to discourage copying and trigger min-analogy and EBLC but still 
provide enough scaffolding to help students learn and solve the problem, given the 
great variance that exists between students in terms of knowledge and meta-cognitive 
abilities. To address this challenge, we incorporated relevant factors (student 
characteristics, problem/example similarity) into a probabilistic student model that 
corresponds to a dynamic Bayesian network. The student model plays a crucial role in 
the EA-Coach example-selection process. Specifically, the suitability of a candidate 
example is quantified via a two-phase decision-theoretic process: 

1. [Simulation phase] First, the EA-Coach student model is used to predict how a 
given student will solve the problem and learn from doing so in the presence of 
the candidate example.  

2. [EU calculation phase] Second, the modelÕs prediction is quantif ied via a utility 
function that calculates the candidate exampleÕs expected utility for enabling 
learning and problem-solving success.  

This two-phase process is repeated for each candidate example, and the example 
with the highest expected utility is presented to the student (for details, see [12]). Our 
approach for example selection has two key advantages. First, it allows us to take into 
account a studentÕs knowledge and meta-cognitive skills during the example-selection 
process and thereby tailor the choice of example to a given studentsÕ needs. Second, it 
handles the uncertainty that is inherent in our modeling process in a principled manner. 

3. Evaluation of the EA-Coach 

We evaluated the EA-CoachÕs pedagogical effectiveness using a controlled 
laboratory experiment with 16 UBC students. Details on the study methodology and 
results are provided in [12]. In this paper, we summarize the key findings, and focus on 
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describing lessons learned from the evaluation pointing to how to refine the EA-Coach 
scaffolding. Since the example-selection mechanism is the primary form of support for 
min-analogy and EBLC, the study focused on evaluating how the mechanism realized 
its learning and problem-solving success objectives. To do so, we had students solve 
two problems; for each problem, we gave students access to an example. For one of the 
problems, the example was selected by the EA-Coach (adaptive selection condition), 
while for the other (static selection condition), an example most similar to the target 
problem was provided. In both conditions, the version of the EA-Coach interface 
presented in section 2.1 was used. All actions in this interface were logged; all sessions 
were videotaped and the talk-aloud method was used to capture subjectsÕ reasoning.  

The evaluation of the EA-Coach showed that its example-selection mechanism 
meets the two selection goals (learning, problem-solving success). The results are 
summarized in Table 1. As far as learning is concerned, we focused on analyzing APS 
behaviors that foster learning: EBLC and min-analogy (i.e., degree of copying). On 
average, students generated signif icantly more EBLC self-explanations and copied 
significantly less when presented with the EA-CoachÕs examples, as compared to 
statically selected examples. Since cognitive science research shows that copying is 
detrimental to learning and EBLC fosters learning, these findings provide support 
regarding the EA-CoachÕs pedagogical effectiveness. The evaluation also showed that 
overall, students were successful in generating the problem solution in the presence of 
statically and adaptively selected examples. Specifically, all of the students generated 
the problem solution in the static condition, while in the adaptive condition, all but two 
did so (two students generated a partial solution). This difference between conditions, 
however, is not statistically signif icant (sign test, p=0.5). We also analyzed studentsÕ 
performance during the problem-solving process: in the adaptive condition, students 
had a signif icantly higher task time and significantly more errors while generating the 
problem solution, as compared to the static condition. However, from a pedagogical 
standpoint, these are not negative findings because increased task time/errors are by-
products of learning, i.e., learning takes time and make require several attempts before 
correct principles are inferred [6]. Therefore, in general the evaluation validated the 
EA-CoachÕs approach for supporting meta-cognition during APS. However, our 
evaluation also showed that there were some instances where the EA-CoachÕs 
scaffolding was too subtle to encourage min-analogy or EBLC, suggesting that there is 
room for improving the systemÕs support. Here, we provide details on some of these 
instances, since they guided the refinements to the system we discuss in section 4. 

Min-Analogy. The EA-CoachÕs adaptively-selected examples are intended to 
encourage min-analogy by discouraging copying. However, two students copied more 
in the adaptive condition than the static condition. One of these students had an above 
average number of copy events in both conditions, suggesting that she had a poor min-

Table 1: Summary of results 

Mean      
Adaptive Static 

F p 

Copy Episodes 5.9 8.1 7.2 0.023 

EBLC Episodes 2.92 1.14 12.8 0.005 

Task Time 42min, 23sec 25min, 35sec 31.6 <0.001 

Errors 22.4 7.6 11.5 0.007 
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analogy tendency. Thus, it appears that more explicit scaffolding than what is currently 
provided by the EA-Coach may be needed to encourage a shift over to min-analogy for 
students with a poor min-analogy tendency. The second student had an average number 
of copy episodes in the adaptive condition, and about half of the average number of 
copy episodes in the static condition. One explanation as to why this student copied 
more in the adaptive condition may be related to the order in which this student 
experienced the conditions (the conditions were counterbalanced to account for order 
effects). Specif ically, the student solved the problem in the adaptive condition f irst. 
Although we did not find overall that condition order had an effect, for this student the 
adaptively selected example may have discouraged copying, but this did not become 
apparent until the subsequent (static) condition. We should also point out that although 
students copied less in the adaptive condition than the static condition, students still did 
copy in the adaptive condition (see Table 1). Thus, there is room for improvement with 
respect to the EA-CoachÕs scaffolding to encourage students to engage in min-analogy. 

Gaming Behavior . Although overall, adaptively selected examples effectively 
discouraged copying, they did not always encourage behaviors beneficial to learning. 
In particular, when copying resulted in errors, some subjects would switch from 
copying to rapidly entering alternative guesses to generate the problem step (a behavior 
that may be referred to as Ôgaming the systemÕ [5], which can interfere with learning). 
Since the system provided feedback for correctness, students could resort to gaming 
instead of deriving the step by learning the corresponding rule (although this was not a 
practical strategy given the large number of alternatives students had to try before 
finding the right one). For instance, one student produced forty attempts to generate a 
problem step, after unsuccessfully trying to copy it from the example (the example and 
problem shared a non-trivial difference at this point that blocked copying). This 
student, who generated very few self-explanations, continued to produce subsequent 
solution attempts quite quickly, leaving little or no time for reasoning of any kind. 
Gaming behavior was sometimes apparent in subjectsÕ utterances - for instance, another 
student said ÒIÕm just trying things, I donÕt feel like thinking about itÓ. This suggests 
that explicit scaffolding to discourage gaming should be incorporated into the system. 

EBLC. The EA-CoachÕs adaptively-selected examples are intended to encourage 
EBLC better than statically-selected examples. Although none of the students 
expressed fewer EBLC explanations in the adaptive condition than in the static 
condition, five students generated an equal number of explanations in the two 
conditions. Three of these students expressed a below-average number of explanations, 
and so appeared to have a low EBLC tendency, suggesting that they required more 
explicit scaffolding to encourage them to self-explain. The remaining two students 
generated an average number of EBLC explanations, and so it is not clear why the 
adaptively selected examples did not encourage them to self-explain better than 
statically-selected examples. In addition to the cases discussed above, two other 
students in the adaptive condition were not able to learn all the rules that were required 
to generate the problem solution, which hindered their problem-solving success, which 
we discuss below. Thus, as is the case with min-analogy, there is room for 
improvement with respect to the EA-CoachÕs scaffolding for EBLC. 

Problem-Solving Success. The EA-Coach aims to find examples that help to generate 
the problem solution. As we mentioned above, two students generated a correct but 
incomplete solution in the adaptive condition. Both of these students received an 
example with non-trivial superficial differences that blocked copying of some of its 
solution steps, because the EA-Coach student model predicted that this would trigger 



Workshop on Metacognition and SRL. AIED 2007 
 

10  

learning of the corresponding rules via EBLC. However, one of these students showed 
no desire to engage in any in-depth reasoning during the study and so likely had a very 
low EBLC tendency, indicating that she needed more support for EBLC than that 
offered by the EA-Coach. On the other hand, the other student under consideration did 
generate a number of EBLC self-explanations and invest effort during problem solving 
to learn some of the rules needed to solve the problem (as we found by comparing her 
pre and post-test answers on related questions). However, although the student model 
simulation predicted she would learn all the necessary rules and thus generate the full 
problem solution, she was unable to do so within the allotted time. We canÕt predict 
whether this student would have eventually generated a full solution or whether she 
would have become overwhelmed and frustrated by the process. Thus, even if students 
have good APS tendencies, the EA-CoachÕs scaffolding may be too subtle to ensure 
that they will learn all the rules needed to generate a full problem solution. 

4. Refining the EA-CoachÕs M eta-Cognitive Scaffolding 

As described above, our evaluation showed that sometimes students required more 
explicit scaffolding for meta-cognition during APS than what is currently provided by 
the EA-Coach.  Therefore, as our next step, we have been working on designing this 
scaffolding. Given that some students had difficulty generating EBLC explanations 
during our study, one form of scaffolding we are working on corresponds to tools to 
help students infer the appropriate domain principles via EBLC. To illustrate how 
EBLC operates, Fig. 4 shows how a student could use it to explain how Estepn is 
derived in the example in Fig 3, which corresponds to inferring the rule that a normal 
force exists [21]. Specif ically, the student relies on her existing (1) common sense 
knowledge to infer that since the ramp supports the crate, there is a force on the ramp 
applied by the crate (2) overly general knowledge to infer that this force is an Ôofficial 
physics forceÕ; (3) domain knowledge to infer that there is a reaction force exerted by 
the ramp on the crate. As a consequence of this line of reasoning, the student learns a 
new domain rule. The challenge with incorporating tools for EBLC is how to support 
the overly general and commonsense reasoning that characterizes this type of self-
explanation. Traditionally, tools for self-explanation support domain-based reasoning, 
and involve selecting the explanation (or portion of) from a list (e.g., see Fig. 5, which 
shows a tool scaffolding self-explanation provided by the SE-Coach [8]). Recently, 
some work has also been done on incorporating free-form explanations into the 
Geometry Explanation Tutor, where students can enter the explanation by typing [1].  
Since with this latter approach students are not constrained in how they generate 
explanations, they could express EBLC-reasoning to the system. However, as far as we 
are aware, the Geometry Tutor can not  provide feedback on EBLC, since it does not 
have the capabilities to recognize overly general/commonsense reasoning. Thus, in 
general, it is an open question how tools for EBLC should be designed to provide the 
necessary scaffolding, or how to incorporate the complex domain and student models 
needed to allow the system to capture and provide feedback on EBLC.  

Instead of tools for scaffolding EBLC-style explanations, another option could 
involve providing tools for self-explanations that only support domain-based reasoning, 
of the type shown in Fig. 5. Note that although this tool does not provide any guidance 
for overly general/commonsense reasoning involved in deriving the explanation shown 
in Fig. 4, it could still help the student learn the necessary rule. A possible advantage of 
tools scaffolding EBLC is that they enable students to gain experience with this type of 
reasoning, which may help them learn to reason via EBLC in the absence of tools. To 
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see if  and how this occurs, it would be interesting to compare how tools scaffolding 
EBLC vs. domain-based explanations impact learning outcomes. Incorporating tools to 
scaffold the self-explanation process into the EA-Coach means that its student model 
will need to be refined. The model currently corresponds to a dynamic Bayesian 
network that takes into account information on problem/example similarity, student 
characteristics (knowledge, meta-cognitive skills), and problem-solving and example-
viewing actions in the interface to infer whether a student is reasoning via EBLC. Tools 
provide additional information on how students are reasoning, and so the model will 
need to be extended to take it into account. 

In addition to tools, another form of scaffolding we are working on incorporating 
into the EA-Coach corresponds to  interventions encouraging min-analogy and EBLC 
and discouraging gaming, which our evaluation suggested could be beneficial. A 
common approach for realizing meta-cognitive interventions involves generating hints, 
e.g., to encourage self-explanation [8], or effective help-seeking [3]. Another approach 
involves using animated pedagogical agents to express approval or lack of it, based on 
whether students are gaming the system in ways that interfere with learning [5]. Yet a 
third possibility involves making the use of tools, such as the ones to scaffold EBLC, 
mandatory if the system detects that students are not reasoning effectively. Our goal in 
the design of any intervention is to maintain freedom of interaction during the learning 
process, and have the system intervene only if it detects shortcomings in a given 
studentÕs meta-cognitive abilities that are hindering her learning outcomes.  

5. Conclusions and Addit ional Future Work 

The EA-Coach supports APS via scaffolding for the meta-cognitive skills of min-
analogy and EBLC. The scaffolding is realized through adaptively selected examples 
and interface design to encourage students to use the selected examples effectively. 
Although our evaluation of the EA-Coach demonstrated the systemÕs pedagogical 
effectiveness, it also showed that in some cases, students needed more explicit 
scaffolding than what is currently provided to engage in min-analogy and EBLC. To 
address this, we have been working on devising this scaffolding. To date, we have 
concentrated on the design of tools to support EBLC and prompts to encourage it as 
well as min-analogy during APS. Another avenue we are exploring involves 
incorporating eye-tracking technology into the framework. Currently, the EA-CoachÕs 
ability to track studentsÕ example usage is due to its masking interface. An eye tracker 
would provide more accurate information on example usage than the masking interface, 
without the need to cover the example solution. This would facilitate evaluating if and 
how the masking interface scaffolds APS (e.g., does it discourage copying as it is 

 [Commonsense rule] 

If an object O1 supports object O2 then 
  There is a force F on O1 due to O2 

[Overly general rule] 

If F is a force inferred by common sense reasoning then 
  F is an official physics force 

[Newton’s Third Law rule] 

If an objects O1 exerts a force on object O2 then 
  O2 exerts an equal and opposite force on O1 

[Normal-exists rule] 

If an object O2 is supported by object O1 then  

  There is a normal force on O2 due to O1 

Figure 4: Sample EBLC self-explanation Figure 5: SE-Coach tool for self-explanation  
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intended to?). In the longer term, we planning on investigating the EA-CoachÕs role in 
cognitive skill acquisition. The EA-Coach is integrated into an ITS framework that 
includes two other tutors, which support pure example studying and pure problem 
solving. Since research suggests that skill acquisition starts with example studying, 
moves to APS and then to pure problem solving [19], this opens up the possibility for 
investigating whether there are optimal trajectories that students can follow through 
these activities. If so, how can they be defined and supported in an intelligent learning 
environment that includes all three coaches?  
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