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Abstract
Recent studies have shown that self-explanation is an effective metacognitive strategy, but how can
it be leveraged to improve students’ learning in actual classrooms? How do instructional treatments
that emphasizes self-explanation affect students’ learning, as compared to other instructional treatments? We investigated whether self-explanation can be scaffolded effectively in a classroom
environment using a Cognitive Tutor, which is intelligent instructional software that supports guided
learning by doing. In two classroom experiments, we found that students who explained their steps
during problem-solving practice with a Cognitive Tutor learned with greater understanding compared
to students who did not explain steps. The explainers better explained their solutions steps and were
more successful on transfer problems. We interpret these results as follows: By engaging in explanation, students acquired better-integrated visual and verbal declarative knowledge and acquired less
shallow procedural knowledge. The research demonstrates that the benefits of self-explanation can be
achieved in a relatively simple computer-based approach that scales well for classroom use. © 2002
Cognitive Science Society, Inc. All rights reserved.
Keywords: Self-explanation; Metacognition; Computer-based learning environments; Intelligent tutoring systems; Cognitive tutors; Problem solving; Learning; Instruction; Implicit and explicit learning

1. Introduction
A problem for many forms of instruction is that students often come away with shallow knowledge.
The students may learn just enough to pass a test, but they lack a deeper understanding of the subject
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Fig. 1. Example of a student’s shallow reasoning.

matter and have difficulty applying what they have learned to unfamiliar situations. Such
lack of transfer is often referred to as “inert knowledge” (Bereiter & Scardamalia, 1985;
Cognition and Technology Group at Vanderbilt, 1990). Shallow learning occurs in many
forms of instruction and in many domains. In physics, for example, there are many common
misconceptions, such as confusing mass and weight or the direction of velocity and acceleration. Novices classify physics problems by superficial features that are not necessarily
related to the solution method; experts classify problems based on the type of solution
method (Chi, Feltovich & Glaser, 1981).
As another example, novices learning a programming language may learn shallow tactics
to select from the built-in functions that the language offers. For example, students learning
Lisp may learn the shallow rule: “when dealing with lists, select ‘append’ as the constructor
function” (Corbett & Trask, 2000). This rule may work quite often, but it is wronglycontextualized, since it ignores the desired structure of the list to be constructed.
In geometry, students often rely on superficial visual features, such as the fact that angles
look the same in the diagram, even if they cannot be shown to be so by reasoning logically
from theorems and definitions. Such heuristics are often successful, but are likely to fail in
more complex problems, as is illustrated in Fig. 1. Asked to find the unknown quantities in
the diagram, a student makes the inference that the angle on the left has the same measure
as angle 1 on the right, which is 59°. These angles look the same, but this inference is not justified.
A long-standing goal of educational research is to help students to avoid shallow learning
and instead, to help them learn with understanding, as evidenced by improved transfer (Judd,
1908; Katona, 1940; Simon, 1987; Singley & Anderson, 1989; Wertheimer, 1959), retention,
removal of misconceptions (Chi, 2000), and ability to explain acquired knowledge in their
own terms. But how to achieve this in actual classrooms?
Many researchers have focused on metacognitive processes that facilitate knowledge
construction as a way to get students to learn with greater understanding (Flavell, 1979;
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Palincsar & Brown, 1984; Schoenfeld, 1987). This line of research has yielded very
interesting instructional programs that elaborate, make visible, support, and help students
reflect upon metacognitive processes that are conducive to the construction of knowledge. A
number of these programs have been demonstrated to be very effective in actual classrooms
(Palincsar & Brown, 1984; Brown & Campione, 1996; Cognition and Technology Group at
Vanderbilt, 1990, 1996; Scardamalia, Bereiter & Lamon, 1996; Schwartz, Yerushalmy &
Wilson, 1993; White, Shimoda & Fredericksen, 1999).
However, the step from classroom research to widespread use remains a difficult one, in
particular for instructional programs that require teachers to substantially alter their approach
to teaching. For example, in the domain of geometry, “[c]omputer technology is a powerful
support for teaching through guided inquiry, but this approach still depends on teachers, who
often find it extremely difficult to carry out in classrooms” (Wiske & Houde, 1993, p. 212).
Certainly there are notable exceptions, such as the communities of learners of Brown and
Campione (1996) or the anchored instruction developed by the Cognition and Technology
Group at Vanderbilt, 1996), but only a small portion of instructional programs whose
effectiveness has been demonstrated in classroom research is in regular use in a large number
of schools.
In the current research, we share the hypothesis that a focus on metacognition is key to
getting students to learn with greater understanding. We focus on a particular metacognitive
strategy, self-explanation. A number of studies have shown that students learn better when
they explain instructional materials to themselves (Bielaczyc, Pirolli & Brown, 1995; Chi,
Bassok, Lewis, Reimann, & Glaser, 1989; Ferguson-Hessler & De Jong 1990; Renkl, 1997),
or when they explain their own problem solving steps (Ahlum-Heath & DiVesta, 1986;
Berardi-Coletta, Buyer, Dominowsky & Rellinger, 1995; Berry, 1983; Gagne & Smith,
1962). Also, there is some evidence that students learn more when they give explanations
than when they receive explanations (Brown & Kane, 1988; Webb, 1989), depending on the
quality of their explanations (Lovett, 1992).
While these studies suggest that self-explanation could be leveraged to improve educational practice (Renkl, Stark, Gruber & Mandl, 1998), it is still an open question how
instructional methods that scaffold or emphasize self-explanation compare to instructional
treatments that do not emphasize self-explanation. None of the studies mentioned above
compared a self-explanation condition against other (proven) instructional treatments. A
related open question is what kind of instruction or scaffolding is needed and most effective
in supporting learning through self-explanation in classrooms. The literature indicates that
learning through self-explanation is not easy to do. Not all students self-explain spontaneously. There are considerable individual differences in students’ ability to self-explain (Chi
et al., 1989; Renkl, 1997). Some studies indicate that few students are good self-explainers
(Renkl et al., 1998). The challenge therefore is to support students who are not inclined to
self-explain or are not good at generating effective self-explanations, without making great
demands of an instructor’s time.
Some approaches to scaffolding self-explanation that have been shown to work in the
laboratory are not likely to meet this challenge. First, effective self-explanations can be
elicited through prompting (Chi, de Leeuw, Chiu & Lavancher, 1994; Renkl et al., 1998). But
prompting is not feasible in a classroom context, since a single teacher could not possibly
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provide timely prompts for each individual student. Further, prompting does not benefit all
students as much as would be ideal (Renkl et al., 1998, p.106).
Second, self-explanation can be facilitated through an instructional program that involves
significant portions of (human) one-on-one instruction (Bielaczyc et al., 1995). But it is not
clear that this program could easily be implemented in a classroom context. Even if it could,
it seems likely that considerably more continued guidance is needed for the average high
school student than the subjects in this study, who were students at one of America’s elite
universities. Nonetheless, such a program might be a valuable complement to other approaches.
The current study looks at how computer-based instruction can help in scaffolding
self-explanation. In two classroom experiments, we evaluate the added value of support for
self-explanation in the context of an innovative high-school geometry curriculum called
Cognitive Tutor Geometry™. This curriculum, which was developed by our research group,
involves about equal parts of classroom instruction and problem-solving practice with
intelligent instructional software, a “Cognitive Tutor.” Cognitive Tutors provide individualized support for guided learning by doing (Anderson, Corbett, Koedinger & Pelletier,
1995), to an extent that would be difficult to achieve in a traditional classroom setting, where
a single teacher has very little time to spend with each individual student. Cognitive Tutors
make it possible for a teacher to spend more time helping those students who need help the
most. In addition to a geometry tutor, our research group has developed Cognitive Tutors for
introductory computer programming and high school Algebra I and Algebra II. A number of
studies have shown that Cognitive Tutors help raise students’ mathematics achievement
relative to traditional mathematics courses (Anderson et al., 1995; Koedinger, Anderson,
Hadley & Mark 1997; Koedinger, Corbett, Ritter & Shapiro, 2000). A third-party evaluation
study indicates that Cognitive Tutors lead to an increase in student motivation and measurably transform classroom culture (Schofield, 1995). At the time of this writing, the Cognitive
Tutor software and curriculum for Algebra I are being used in almost 700 schools across the
United States.1 The Geometry Cognitive Tutor course is in use nationwide in about 100
schools. Thus, these curricula have gone a long way in making the transition from classroom
research to widespread use (Corbett, Koedinger & Hadley, 2001), offering an example of
how basic cognitive science findings can guide the development of effective instructional
technology.
In spite of this success, there is room for improvement: First, while Cognitive Tutors have
been shown to be more effective than classroom instruction and more effective than normal
human one-on-one tutors, they are not yet as effective as the best human tutors. Normal
human tutors, who have modest domain knowledge and limited training and experience in
tutoring, are about 0.4 standard deviations better than traditional classroom instruction
(Cohen, Kulik & Kulik, 1982; Graesser, Person & Magliano, 1995). The effect of accomplished tutors is unknown but researchers estimate that the effect size is about 2.0 standard
deviations, compared to classroom instruction (Bloom, 1984; Kulik & Kulik, 1991). Cognitive Tutors have been shown to be 1 standard deviation better than classroom instruction
(Anderson et al., 1995; Koedinger et al., 1997) and have been estimated to be 1.75 standard
deviations better than self-study (Corbett, 2001) and therefore fall in between the two
extremes.
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Second, like most other forms of instruction, Cognitive Tutors are not immune to the
shallow learning problem, as we found out during a formative evaluation of the Geometry
Cognitive Tutor. In a classroom experiment involving 71 students in two schools, we
evaluated an early version of the tutor, which provided guidance for problem solving but did
not provide support for self-explanation (Aleven, Koedinger, Sinclair & Snyder, 1998). We
found that there were significant learning gains, due to the combination of classroom
instruction and problem-solving practice with the tutor. We also found that the students
involved in the study were better at finding answers to test problems than they were at
articulating the reasons that were presumably involved in finding these answers, the geometry theorems and definitions. This discrepancy may be due in part to the fact that it is
difficult to articulate visual knowledge. But at least in part this discrepancy seems to indicate
that students acquired shallow heuristics, such as “if angles look the same in the diagram,
they are the same,” as illustrated in Fig. 1. Thus, the practical motivation for the study
reported in this paper was the desire to improve an existing and successful Cognitive Tutor,
by adding facilities for scaffolding self-explanation.
An important research question is how best to support self-explanation? In what format
should the system let students state their explanations? What kinds of help and feedback
should the system offer to students as they try to produce explanations? These choices are
not mere implementation details but are likely to affect students’ learning outcomes. The
cognitive science literature provides some guidance but not enough to make reliable predictions about learning.
In the current work, we investigate the effectiveness of a relatively simple format for
stating explanations: Students explain their problem-solving steps by selecting from a menu
the name of the problem-solving principle that justifies the step. This format is interesting
because it is easy to understand for students and easy to implement in a computer program.
Further, we take the point of view that the system must provide assistance in the form of
feedback on students’ explanations and hints on how to explain. Hints are important to help
students to proceed when they cannot on their own. Feedback on explanations is important
because it may help students to construct better explanations than they would without
feedback. This viewpoint was taken also by Conati and VanLehn (2000) in their work on the
SE-COACH, a computer tutor to support self-explanation. This viewpoint is also consistent
with a number of cognitive science studies on the effect of feedback on explanations
(Needham & Begg, 1991; Lovett, 1992). Further, especially when dealing with instructional
technology, feedback is important because without it, will students bother to provide
explanations at all? They may not feel compelled to respond to prompts for explanations by
a computer tutor in the same way that they would respond to a human tutor (Lepper,
Woolverton, Humme & Gurtner, 1993; du Boulay, Luckin & del Soldato, 1999). An initial
study with a tutor version that provided prompts for explanations but did not provide
feedback on explanations confirmed this concern (Aleven, Popescu & Koedinger, 2000).
Students provided few explanations and even fewer good explanations.
We are not the only researchers who investigate the effectiveness of computer-based
instructional environments designed to support self-explanation, but we are not aware of any
studies that compare the instructional effectiveness of such environments to instructional
methods that do not emphasize self-explanation. Conati and VanLehn developed the SE-
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COACH, an intelligent tutoring system that helps students explain worked-out examples in
the domain of physics (Conati & VanLehn, 2000). Renkl (in press) looked at the effect of a
computer-based environment that supplements self-explanation with “instructional explanations” that are displayed on the student’s request. Both systems were evaluated empirically,
but the focus was on comparing different levels of assistance for self-explanation—Renkl but
not Conati and VanLehn found a significant effect of the support for self-explanation—not
on assessing the added value of self-explanation support over more typical instruction.
In addition to the theoretical issue raised above of when and why to tutor self-explanation,
this study also addresses theoretical issues regarding the nature of knowledge acquired
through self-explanation. We ask what greater understanding due to scaffolded self-explanation (assuming for the moment that it occurs) means in terms of the underlying knowledge
and learning processes. Previous accounts of learning through self-explanation have focused
on how self-explanation leads to the construction of declarative knowledge, such as inference
rules for applying physics principles or mental models of the circulation system (Chi, 2000).
The main mechanisms are gap identification and gap filling (VanLehn, Jones & Chi, 1992).
We subscribe to VanLehn et al.’s account, but we note that in the domain of geometry, and
in other mathematical and nonmathematical domains as well, expertise involves visual and
verbal components and learning processes. An interesting question therefore is how tutored
self-explanation might affect such a hybrid learning process.
Based on evidence from a number of studies, Case and colleagues have argued that
mathematical understanding develops as students create internal conceptual structures that
integrate visual/analog intuitions with discrete formal ways of knowing (Griffin, Case &
Siegler, 1994; Kalchman, Moss & Case, 2001). More generally, the integrated acquisition of
visual knowledge and formal language/symbols appears consistent with key characteristics
of expertise in many domains. Knowledge of sophisticated visual patterns or “perceptual
chunks” has been identified as a hallmark of expertise in many domains including chess (De
Groot, 1966; Chase & Simon, 1973), electrical circuits, and geometry. Along with this visual
knowledge, experts often acquire special-purpose language or symbolic forms, like “knight
fork,” “voltage,” “V ⫽ IR,” “linear pair,” or “⬔ABC ⬵ ⬔EFG.”
In related prior research, Koedinger and Anderson (1990) presented a cognitive model of
geometry expertise in which conceptual structures called “diagram configuration schemas”
link visual pattern knowledge with (verbal) formal knowledge of geometric properties and
constraints. They demonstrated the power of diagram configuration schemas, both empirically, in showing how they explain human experts’ leaps of inference in proof planning, and
computationally, in using them in a computer model that can efficiently find proofs of
geometry theorems. Further, Van Hiele argued that geometry students’ knowledge develops
in five levels progressing from initial knowledge of visual patterns, through properties, to
proof knowledge (Burger & Shaughnessy, 1986).
What was not demonstrated in this past work is how instruction or self-explanation might
help students integrate visual perceptual and verbal declarative knowledge and enhance
learning. Students’ experienced-based learning tends to yield perceptual pattern knowledge
acquired through analogy to examples (Anderson & Lebière, 1998). Students’ explicit verbal
learning yields verbal declarative structures that need to be interpreted to be useful in
problem solving— otherwise they remain inert (Bereiter & Scardamalia, 1985; Cognition and
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Technology Group at Vanderbilt, 1990) able to be recalled, but not able to support problem
solving. One reason that self-explanation may improve learning is that it may help students
connect potentially inert verbal knowledge (e.g., geometry theorems) with perceptual patterns used in problem solving. To explore this hypothesis, we created a mathematical model
that illustrates the role of various categories of knowledge (shallow, procedural, integrated
visual and verbal declarative) on post-test performance. The model also illustrates that
self-explanation instruction may yield qualitatively different kinds of knowledge than problem-solving practice.
In the remainder of the paper, we first describe the Geometry Cognitive Tutor. We then
present results from two experiments designed to evaluate the added value of self-explanation in a classroom. In both experiments, we compared instruction with two different
versions of the Geometry Cognitive Tutor, one that supports self-explanation in the context
of problem solving, one that supports problem solving without self-explanation. Finally, we
present our mathematical analysis aimed at finding out more about how self-explanation
instruction affects the nature of acquired knowledge.

2. Supporting self-explanation in a Cognitive Tutor: learning by doing and
explaining
In this section, we describe the Geometry Cognitive Tutor that was used in our experiments. Cognitive Tutors, a kind of intelligent tutoring systems (Wenger, 1987), provide
support for guided learning by doing. They assign problems to students on an individual
basis, monitor students’ solution steps, provide context-sensitive feedback and hints, and
implement a mastery learning criterion (Anderson et al., 1995).
Cognitive Tutors are grounded in the ACT-R theory of cognition and learning (Anderson
& Lebière, 1998). ACT-R, like other theories of cognition, distinguishes between declarative
and procedural knowledge. Procedural knowledge is goal-oriented performance knowledge
that can be executed efficiently. It is acquired through practice. Within the ACT-R framework, procedural knowledge is modeled as production rules. Declarative knowledge, on the
other hand, cannot be executed directly, but can be applied to specific goals by general
interpretive procedures. Declarative knowledge is inert without such procedures (Bereiter &
Scardamalia, 1985; Cognition and Technology Group at Vanderbilt, 1990). In ACT-R,
declarative knowledge is modeled as “chunks.” It includes verbal as well as visual knowledge and is acquired more or less directly through perception, instruction, or reading.
Procedural knowledge is implicit knowledge that is not available to awareness whereas
declarative knowledge is explicit knowledge that we are aware of in visual or verbal form
(c.f., Dienes & Perner, 1999).
Cognitive Tutors take from ACT-R the notion that the skills involved in a complex task
can be decomposed and modeled as production rules. Each Cognitive Tutor employs a
cognitive model, expressed as a set of production rules, that represents the skills and
strategies of students at various levels of competence. The cognitive model enables the tutor
to perform the task that the students are working on, as is typical of intelligent tutoring
systems (Wenger, 1987). The tutor uses the model to analyze an individual student’s
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Fig. 2. The new version of the Geometry Cognitive Tutor, with support for self-explanation of solution steps.

problem-solving performance in terms of the underlying production rules (“model tracing”).
The tutor uses that analysis to update its student model, which records the probability that the
student masters each crucial production rule (“knowledge tracing”) (Corbett & Anderson,
1995).
The Geometry Cognitive Tutor, shown in Fig. 2, is an integrated part of a full-year
high-school geometry course, which was developed by our research group following guidelines by the National Council of Teachers of Mathematics (NCTM, 1989). In this course,
students spend about 40% of classroom time solving problems on the tutor. The remaining
time is devoted to lectures, classroom discussion, and small-group activities. The tutor
curriculum consists of units dealing with area, the Pythagorean theorem, angles, similar
triangles, circles, and quadrilaterals. The Angles unit (the subject of our study) consists of
problems in which the student is given a diagram and is asked to compute unknown
quantities such as angle measures or the area of a triangle. Many problems involve a
real-world context, as illustrated in the problem displayed in the top left window shown in
Fig. 2, which is an early problem dealing with the alternate interior angles theorem.
In order to study the added value of self-explanation during problem-solving practice, we
created a new version of the Geometry Cognitive Tutor, adding facilities to support selfexplanation. The new version supports guided learning by doing and explaining: The tutor
requires that students enter correct solutions to geometry problems and that they explain all
steps correctly. Students can enter explanations in a straightforward manner, by typing the
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name of the problem-solving principle that justifies the step (“explanation by reference”). For
example, a student could explain a step in which the triangle sum theorem was applied by
typing “Triangle Sum.” In order to facilitate the process of providing of explanations, the
tutor provides a Glossary of geometry knowledge, shown in the middle of Fig. 2. The
Glossary lists relevant theorems and definitions, illustrated with short examples. It is meant
to be a reference source which students can use freely to help them solve problems. Students
can enter explanations by selecting a reference from the Glossary, as a convenient alternative
to typing the explanation.
The Geometry Cognitive Tutor provides feedback on the students’ solutions as well as
their explanations. It displays error messages in response to the most common errors.
Further, it provides on-demand hints, with multiple levels of hints available for each step, as
is detailed further below. The tutor keeps track of the student’s mastery of each skill to be
learned. It displays its estimates in a skillmeter window, shown on the bottom left in Fig. 2.
In order to complete a section of the tutor curriculum, students need to bring all skills above
the mastery level threshold, which is set at 95%.
In the example shown in Fig. 2, which is based on an actual log file of a student working
with the tutor, the student explained a problem-solving step, using the Glossary to figure out
which geometry rule justified the step. He conducted a focused Glossary search, apparently
based on a cue extracted from the problem, for example, the use of the term “parallel” in the
problem statement. He looked at three of the four rules dealing with parallel lines listed in
the Glossary, in the middle of Fig. 2. The Glossary shows a statement of each rule, illustrated
with an example diagram. He then selected the right reason, “alternate interior angles.”
Interestingly, the student consulted the Glossary in spite of the fact that he got the answer
right on the first attempt. This suggests that he may have found the answer by applying a
shallow heuristic of the kind we discussed before. By studying the relevant rule in the
Glossary, the student may have picked up on verbal cues in the rule and may have used them
to improve and better integrate his visual and verbal geometry knowledge (into a diagram
configuration schema as described in Koedinger & Anderson, 1990). For example, the
student may have better connected the phrase “alternative interior angles” with a visual
Z-shaped image. This example underscores the potential value of having students explain
steps by providing references to problem-solving principles.
If the student had not been able to complete this explanation step by himself, he could
have asked the tutor for a hint. The tutor’s hints were designed to communicate a general
strategy for knowledge search: If you do not know something, use an available resource, such
as the tutor’s Glossary, to look it up—incidentally, the student in the example discussed
above carried out this strategy on his own. For most steps, multiple levels of hints are
available, as illustrated in Table 1, which shows the hints for the next step in Fig. 2, namely,
to explain why the measure of angle ARN is 44.1 degrees. The initial hints suggest that
students search the Glossary for an applicable geometry rule. More detailed hints state an
applicable rule and summarize how it is applicable. The hints for numeric answer steps (as
opposed to explanation steps) follow the same general plan but go into more detail about how
an applicable rule can be applied to find an unknown quantity. The student manages the hint
levels. For any given step, help starts at level one. The hint level is increased by one for each
subsequent help request.
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Table 1
Example hint sequence generated by the geometry cognitive tutor, annotated in the rightmost column to show
the underlying hint plan developed and used by the designers
Hint text
1. You gave the correct answer. The measure of Angle ARN is 44.1 degrees.
If you had to make an argument to explain your answer, what reason
would you give?
2. Two parallel lines (Segment BA and Segment RN) are cut by a
transversal (Segment AR). How did you use this fact to find the measure
of Angle ARN?
3. Some rules dealing with parallel lines are highlighted in the Glossary.
Which of these reasons is appropriate? You can click on each reason in
the Glossary to find out more.
4. When two parallel lines are intersected by a transversal, alternate interior
angles are equal in measure. That is why the measure of Angle ARN is
equal to the measure of Angle BAR.
5. Enter “alternate interior angles” as the reason.

Underlying hint plan
State the goal.

Suggest cue to focus search
for applicable geometry
Suggest that student search
the Glossary and use cue to
narrow down the search.
State applicable rule and
summarize how it applies to
the problem at hand.
Say what to type.

The Geometry Cognitive Tutor is different from another intelligent tutoring system that
supports self-explanation, the SE-COACH developed by Conati and VanLehn (2000). In the
Geometry Cognitive Tutor students explain their own solution steps and do so by naming the
problem-solving principles that justify the step. In the SE-COACH, students explain the steps
in worked-out examples and construct explanations of problem-solving principles using a
structured interface with menus and templates. It is not clear a priori how each choice affects
students’ learning.

3. Experiment 1: evaluation of a Cognitive Tutor that supports self-explanation
The goal of Experiment 1 (as well as that of Experiment 2) was to test the hypothesis that
problem-solving practice with a Cognitive Tutor leads to deeper learning if the Cognitive
Tutor requires that students explain their steps. We compared the learning results of students
working with two versions of the Geometry Cognitive Tutor, a version that supported
self-explanation in the manner described above and a version that provides no support for
self-explanation. Students in both conditions also received classroom instruction, as detailed
below.
3.1. Participants
Experiment 1 took place in a suburban high school near Pittsburgh. It involved 41 students
taking the Cognitive Tutor Geometry course, two periods taught by the same teacher and his
assistant. The students ware mostly 10th graders, that is, 15 and 16-year olds. The students
were assigned to the Explanation condition or the Problem-Solving condition on the basis of
their prior scores in the same course, in such a way that the conditions were balanced. The
prior scores were based on a number of quizzes, tests, and homework assignments, all taken
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prior to the experiment. The prior scores do not involve the pretest. Of the 41 students who
started the experiment, 24 students completed it, 13 students in the Problem-Solving condition, and 11 students in the Explanation condition. Some students did not complete the
experiment because they ran out of time at the end of the semester, other students because
the teacher forgot to assign a post-test.
3.2. Pretest and post-test
The pretest and post-test were designed to assess students’ ability to solve geometry
(angles) problems and to assess their understanding of the relevant geometry theorems and
definitions. We created six test forms and assigned them randomly to students to counterbalance for test difficulty. The same forms were used for the pretest and the post-test. Each
test form included six problems for a total of 30 –33 test items per form. The tests included
regular items as well as transfer items. The regular test items were much like the steps that
the students solved while working on the tutor. That is, in regular test items, the students
were asked to compute an unknown quantity in a given problem diagram and had to provide
a reason why their answer was correct, in terms of geometric theorems. The students were
provided with a “reason sheet” listing the relevant geometry rules and were told that they
could freely reference it. Subsequently, we refer to the steps in these problems as Answer
items and Reason items.
The criterion for grading the explanations was whether students were able to justify their
answers in terms of geometry definitions and theorems. An explanation was considered to be
correct when the student gave the name of the right geometry theorem or gave a correct
statement of the right theorem, possibly in their own words. An explanation was considered
to be incorrect for example when all that was said was that two particular angles were
congruent (“⬔1 is equal to ⬔2”), or when the student reiterated in words the arithmetic that
had been carried out to find the numeric answer (e.g., “add 62 and 41 together”), or when the
explanation left out some of the elements of a geometry theorem (e.g., “all the angles have
to equal 180” or “because L1 is parallel to segment L2”).
Three of the problems in each test included transfer items. In these problems, as in the
other problems, students were presented with a problem statement and a diagram. However,
instead of being asked to compute the value of certain unknown quantities, the students were
asked to judge whether there was enough information to find the values of unknown
quantities. If in their judgment there was enough information to uniquely determine the value
of such a quantity, they were asked further to compute the value and state an explanation.
Otherwise, they could simply answer “No” meaning that there was not enough information
to determine a unique value. Items within these problems that could be computed, based on
available information, were grouped with the Answer and Reason items. Items for which no
answer could be found due to missing information are subsequently referred to as “Not
Enough Info” items. During their work on the tutor curriculum, students had not encountered
items of this type. Therefore, these items provide a measure of how well skills learned with
the tutor transfer to unfamiliar nut related problems. Each test form included 12–14 Answer
items, 12–14 Reason items, and 5–7 Not Enough Information items.
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3.3. Procedure
The experiment was conducted in the context of the regular geometry instruction and
curriculum. The instruction focused on one unit of the tutor curriculum, the tutor’s Angles
unit, which deals with the geometric properties of angles. Each day of the week, students had
one class period of classroom activities and one class period of working problems on the
computer, using the Geometry Cognitive Tutor. All students took the pretest shortly before
they started working on the Angles unit. The students completed the post-test shortly after
finishing the tutor work. Since the work on the tutor is to a large degree self-paced, different
students started working on the Angles tutor unit at different times, and took different
amounts of time to complete the tutor unit. In order to complete the tutor unit, the students
had to satisfy the tutor’s mastery level criterion. That is, (1) they had to complete the required
problems for each of the three sections of the Angles unit, (2) they had to complete any
remedial problems that the tutor might select, based on its student model, until they reached
mastery for all targeted skills in the Angles unit. Thus, due to the fact that the tutor selects
remedial problems on an individual basis, different students solved different sets of problems. Some of the classroom instruction was given before students took the pretest, some of
it was given in between the pretest and post-test.
Students in the two conditions worked with different tutor versions. Students in the
Explanation condition were required to explain problem-solving steps. They used the
Geometry Cognitive Tutor as described above and shown in Fig. 2. The students in the
Problem-Solving condition were not required to explain their problem-solving steps; they
had to provide only the correct solution steps. They used a version of the Geometry Cognitive
Tutor that was different in two ways from that used by the Explanation condition students:
There was no column for entering reasons in the tutor’s answer sheet. Also, the tutor’s hints
did not suggest that students use the Glossary in order to find applicable geometry knowledge, but only stated which rule could be applied and how. Other than this, there were no
differences between the two conditions.
3.4. Results
We ran a 2 ⫻ 2 ⫻ 3 mixed ANOVA on students’ test scores, with condition as a between
subjects factor and test time (pretest v. post-test test) and item type (Answer, Reason, and Not
Enough Information) as within subject factors. There was a main effect of test time
(F(1,22) ⫽ 20.96, p ⬍ .0001), indicating that students’ test scores increased from pretest to
post-test (see Fig. 3). Further, there was an interaction between condition and test time
(F(1,22) ⫽ 10.3, p ⬍ .005), indicating that students in the Explanation Condition improved
significantly more than their counterparts in the Problem-Solving Condition.
There was no 2-way interaction between condition and item type and no 3-way interaction
between condition, test-time and item type. Therefore, students in the Explanation improved
uniformly more than students in the Problem Solving condition on all three types of items
(see Fig. 3).
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Fig. 3. Test scores in Experiment 1.

Students in the Explanation condition spent about 18% more time working on the tutor
than did students in the Problem-Solving condition (436 ⫾ 169 minutes for the Explanation
condition, 368 ⫾ 160 for the Problem-Solving condition). The difference is not statistically
significant (F(1,22) ⫽ 0.1.01, p ⫽ .33). The main reason for this difference is that students
in the Explanation condition had more work to do per problem, since they had to explain their
solution steps. On the other hand, students in the Explanation condition needed fewer
problems to fulfill the tutor’s mastery level criterion: 102 ⫾ 40 v. 136 ⫾ 53 problems. The
difference was marginally statistically significant F(1,22) ⫽ 3.06, p ⬍ .1). The mastery level
was the same for both conditions.
Of the students who completed the experiment, the Explanation group had slightly better
prior course grades (87.3 vs. 83.3). That difference is not statistically significant (F(1,22) ⫽
1.38, p ⫽ .25). As mentioned, at the outset both conditions were balanced in terms of their
prior grades in the course, due to the way students were assigned to conditions.
3.5. Discussion
The results suggest that there are considerable learning benefits to having students explain
their steps during problem solving practice with a Cognitive Tutor. Not surprisingly, it leads
to better performance in providing reasons for solution steps. Also, training on reason-giving
transfers to better overall performance in both providing answers and making judgments
about whether there is enough information to give an answer. This strongly suggests that
self-explanation during guided learning by doing leads to greater understanding. Interestingly, these performance differences were obtained even though the students who explained
their answers during training solved fewer problems. In other words, they did fewer
problems, but got more out of each problem. On the other hand, we cannot entirely rule out
an alternative interpretation, namely, that the students in the Explanation condition performed better because they spent slightly more time on the tutor or were a slightly better than
average sample (although this is not evident in the pretest scores). While it seems unlikely
that this explanation would account for all post-test and learning gain differences between the
conditions, concern about these issues motivated us to do another experiment.
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4. Experiment 2: evaluation of a Cognitive Tutor that supports self-explanation,
controlling time on task
The goal Experiment 2 was again to test the hypothesis that students learn with greater
understanding when they explain their solution steps, as they work with a Cognitive Tutor.
The purpose was to replicate the results of Experiment 1, while controlling for time on task.
As in Experiment 1, we compared an Explanation condition and a Problem-Solving condition, working with different tutor versions. To make sure that both groups spent the same
amount of time on the tutor, we changed the criterion for finishing the tutor work: Instead
of a mastery level criterion, as in Experiment 1, we used a time limit, as is explained
below.
4.1. Participants
The experiment took place in the same suburban school as Experiment 1 and involved 53
students in two periods of a geometry course. Ten subjects were excluded from the analysis
because they did not complete all activities. Two further subjects were excluded, one who
left 75% of the post-test blank, one who spent less time on the tutor than required.
Students were assigned to an Explanation condition and a Problem-Solving condition.
Unlike in Experiment 1, we assigned the students in each period to a separate condition. This
was done so that students in different conditions would not work in the computer lab at the
same time. In Experiment 1, students in the Explanation condition had sometimes complained that they had more work to do than students in the Problem-Solving condition,
because they had to give reasons for their solution steps. 19 students in the Explanation
condition and 22 students in the Problem-Solving condition completed the experiment.
4.2. Pretest and post-test
The same pretest and post-test were assigned as in Experiment 1.
4.3. Procedure
All students carried out the same four activities as in Experiment 1. They worked through
the tutor’s Angles unit, received classroom instruction related to this unit, and took a pretest
and post-test. The only difference between the two experiments was the criterion for
completing the tutor. In the current experiment the tutor used a time limit of 7 hours. This
was the average amount of time spent by students in the Explanation condition in Experiment
1. To make sure that students made reasonable progress through the assigned tutor unit, we
also included time limits for each of the three sections that make up this unit. Students were
advanced out of the first two sections when they exceeded the time limit for the given section,
2:20 hours and 2:30 hours respectively, or reached mastery level for all skills of the section,
whichever came first. They completed the whole unit when they had spent 7 hours total.
As before, the tutor assigned problems for students to work on. Within each section, it first
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Fig. 4. Test scores in Experiment 2.

assigned a fixed sequence of required problems, followed by remedial problems based on the
tutor’s assessment of the student’s skills, as captured in the student model.
4.4. Results
Both conditions spent an equal amount of time on the tutor (Explanation group: 511 ⫾ 73
min, Problem Solving group: 503 ⫾ 63). These numbers are higher than the tutor’s time limit
of 7 hours because they include students’ idle time, whereas the tutor factored out idle time
as it kept track of the amount of time spent by each student. Students in the Explanation
group completed half the number of problems completed by their counterparts in the Problem
Solving group: 83 ⫾ 24 versus 166 ⫾ 66 (F(1,39) ⫽ 27.2, p ⬍ .0001).
We ran a 2 ⫻ 2 ⫻ 3 ANOVA on the test scores, with condition as between-subjects factor
and test time (pretest v. post-test) and item type (Answer, Reason, and Not Enough Info) as
within-subject factors. There was a main effect of test time (F(1, 39) ⫽ 69.4, p ⫽ .0001).
Thus, there were performance gains from pretest to post-test, just as we had found in
Experiment 1 (see Fig. 4). There was a marginally significant interaction between test time
and condition, (F(1, 39) ⫽ 3.83, p ⬍ .06), suggesting that students in the Explanation
condition learned more than students in the Problem-Solving condition (see Fig. 4). Finally,
there was a 2 ⫻ 2 ⫻ 3 interaction (F(2, 78) ⫽ 3.15, p ⬍ .05).
In order to understand the 2 ⫻ 2 ⫻ 3 interaction, we conducted two orthogonal planned
comparisons. We used the students’ learning gains as dependent measure, as this is our
primary criterion for the effectiveness of the instruction. The gain is the relative improvement over the pretest score. It is defined as:
post-test score ⫺ pre-test-score
1 ⫺ pre-test score
A priori, we expected that the advantage of the Explanation condition would be greater on
items that hinge on deeper understanding (i.e., the Reason and Not Enough Info items) than
on items where shallow knowledge can have some degree of success (i.e., the Answer items).
We did not have any expectations as to which of the two types of items requiring deeper
understanding would show the greatest difference in learning gains.
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Fig. 5. Post-test scores in Experiment 2 (proportion correct), for Easier-to-Guess and Harder-to-Guess Answer
items.

As expected, the first planned comparison found a difference between Answer items on
the one hand and Reason and Not Enough Info items grouped together on the other hand
(F(1, 37) ⫽ 7.76, p ⬍ .01). Thus, the conditions’ gain scores differed more on Reason and
Not Enough Info items than on Answer items, with the Explanation group having the greater
gain scores (see Fig. 4). The second comparison found no difference between Reason items
and Not Enough Info items (F(1, 37) ⫽ 0.65, p ⬎ .4). In other words, it was not clear that
the conditions’ gain scores were wider apart on the one item type than on the other. In short,
the orthogonal planned comparisons show that students in the Explanation condition learned
better than students in the Problem-Solving condition to deal with the items requiring deeper
understanding, the Reason items and Not Enough Info items. The fact that students in the
Explanation condition learned better to explain their steps is important in its own right. The
guidelines from the National Council of Teachers of Mathematics emphasize mathematical
communication as an important objective for mathematics education (NCTM, 1989).
In order to further investigate issues of deep learning, we divided the post-test Answer
items into Easier-to-Guess items and Harder-to-Guess items. We defined these categories as
follows: An unknown quantity in a problem is Easier-to-Guess when it is equal to a quantity
from which it can be derived in a single step. Otherwise, a quantity sought is Harder-toGuess. Guessing heuristics such as “if angles look the same in the diagram, then their
measures are the same” are likely to be successful on Easier-to-Guess items despite the lack
of understanding they reflect, but not on Harder-to-Guess items.
As shown in Fig. 5, the Explanation condition students performed better on the Harderto-Guess items while the Problem-Solving students performed better on the Easier-to-Guess
items. The difference however does not reach statistical significance (F(1,39) ⫽ 1.72, p ⬍
.20). Further, we calculated for each student the proportion of her total number of errors that
were errors of commission, as opposed to errors of omission (see Fig. 6). We ran a 2 ⫻ 2
ANOVA on the proportion of commission errors, with condition as a between-subjects factor
and “guessability” (Easier-to-Guess v. Harder-to-Guess) as a within-subject factor. We found
a main effect of guessability (F(1, 16) ⫽ 5.94, p ⬍ .05) and a marginally significant effect
of condition (F(1, 16) ⫽ 4.44, p ⬍ .06). Students in the Explanation condition tended to
make more errors of omission, students in the Problem-Solving condition tended to make
more errors of commission. Together, these two analyses suggest that students in the
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Fig. 6. Errors of commission on the post-test (Experiment 2), as proportion of the total number of errors. Errors
were classified either as errors of commission or errors of omission.

Explanation condition were more likely to succeed on harder problems and more likely to
reflect on the sufficiency of their knowledge, rather than guess or jump to incorrect conclusions.

5. Comparison of training data between the conditions
In order to study in more detail why the students in the Explanation condition learned with
greater understanding, we analyzed the data from the log files of students’ actions with the
tutor. We did this analysis for Experiment 2 only.
First, we were interested in comparing the learning rate between the conditions. Having
established that self-explanation helps students to learn with greater understanding, we were
interested to see whether there was evidence that self-explanation helps students to learn
problem-solving skills faster (i.e., with less practice). Second, we were interested in the data
on students’ Glossary use. A priori, Glossary use seemed likely to affect students’ declarative
knowledge of domain principles. Therefore, any observed differences between the conditions
in students’ Glossary use might help to explain the different learning outcomes.
5.1. Comparison of learning rates
The post-test results suggest that self-explanation speeds up the learning of problemsolving skills. Students in the Explanation condition did slightly better on the Answer items
of the post-test than students in the Problem Solving condition, even though they had solved
only half the number of problems during training. Therefore, we expected that the training
data would show faster learning of problem-solving skills by the Explanation group, in the
form of a faster increase in the success rate.
As an aggregate measure of the learning rate, we compared the training performance on
all steps by students in the Explanation condition, namely, 237 steps, against performance on
the same number of steps by students in the Problem-Solving condition. (A step is a subgoal
in a tutor problem, that is, a numeric answer or explanation to be entered into the tutor’s
answer sheet. A step was considered to be correct if the student made no errors and took no
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Table 2
Students’ performance with the tutor in experiment 2 (percentage correct)

Numeric Answer steps
First 237 steps
Rest of the steps
Explanation steps

Explanation condition

Problem-Solving condition

Success rate

Number of steps

Success rate

Number of steps

51%
51%
N/A
55%

237
237

56%
51%
62%
N/A

357
237
220

236

hints.) To this end we compiled a comparison set, which included 52% of all steps by
students in the Problem-Solving condition, for a total of 237 per student on average. We
included in this comparison set, for each student in the Problem-Solving condition, the
earlier steps for each skill, leaving out the later steps. The steps were selected in such a way
that the proportion of steps by a given student involving a given skill was the same in the
comparison set as it was in the complete set of all steps by students in the Problem-Solving
condition. The steps were mapped to skills following the tutor’s cognitive model.
Using this measure for the learning rate, we found no difference between the groups (see
Table 2). The data indicate that both conditions performed equally well during the first 237
problem-solving steps (51% correct). The Problem Solving condition then went on and
improved, achieving a success rate of 62% on the rest of the steps. Thus, the tutor data do
not confirm that explanation increases the rate of learning of problem-solving skills.
Of particular interest is the fact that the students in the Problem Solving condition did
better on Answer items during training but not on the post-test. This indicates that the
students in the Explanation condition achieved better transfer of skills learned with the
computer tutor to a different environment, such as a paper and pencil test, further evidence
that the students who explained their answers learned with greater understanding.
5.2. Comparison of Glossary use
We were interested to learn whether students’ patterns of Glossary use differed between
the Problem Solving and Explanation conditions, and if so, how these differences this might
help to explain the different post-test results. As mentioned, the tutor’s Glossary is a
reference source that students could use freely as they were working problems on the tutor.
For each relevant geometry rule, the Glossary contained a statement and a short example
illustrated with a diagram. In the process of consulting the Glossary, the students might read
and interpret descriptions of problem-solving principles, study examples, or reason about the
applicability of the problem-solving principles to the problem at hand. These activities would
likely enhance their (verbal and visual) declarative knowledge of problem-solving principles.
On Numeric Answer steps, we expected that students in both conditions would use the
Glossary regularly as they were solving problems. Specifically, we expected that the students
would consult the Glossary when they realized (as a result of self-monitoring) that a step was
beyond their capabilities. Therefore, we expected that they would not make many errors
without consulting the Glossary first. Further, we expected that on Explanation steps the
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Table 3
Frequency of Glossary use in experiment 2 (percentage of steps with Glossary use)
Numeric answer steps

Glossary used
Used deliberately

Explanation steps

Explanation condition

Problem-Solving
condition

Explanation condition

Problem-Solving
condition

5.2%
3.4%

1.5%
1.4%

47%
15%

N/A

students in the Explanation condition would use the Glossary often in order to select
explanations. It seemed likely that this would carry over to their Glossary use on Numeric
Answer steps. Therefore, we expected that students in the Explanation condition would use
the Glossary more often on numeric answer steps than students in the Problem-Solving
condition.
We measured frequency of Glossary use as the percentage of steps for which the students
inspected at least one Glossary item.2 Further, we defined deliberate Glossary use as follows:
A step involved deliberate Glossary use if the student inspected at least one Glossary item
for at least one second.3 Deliberate use may be a better gauge of effective learning activities
than overall Glossary use. As shown in Table 3, the Glossary use on Numeric Answer items
was very low in both conditions. The frequency of deliberate use is 3.4% in the Explanation
condition and 1.4% in the Problem-Solving condition. Thus, the prediction that students
would use the Glossary in an effort to avoid errors was not borne out. Students made many
errors without consulting the Glossary. For Numeric Answer steps, the error rate was 49%
in the Explanation condition and 44% in the Problem Solving condition. The actual rate of
Glossary use is far below this. Thus, on Numeric Answer steps, the students did not use the
Glossary as often as seemed appropriate.
Students in the Explanation condition used the Glossary about half the time when they
explained their solution steps (47% of Explanation steps). However, the students used the
Glossary in a deliberate manner on only 15% of the Explanation steps. Most of the time when
they used the Glossary, they also selected references from the Glossary (45% of the
explanation steps), as opposed to typing the explanation.
One possible explanation for the low Glossary use on Numeric Answer steps is that the
given student population lacks the necessary metacognitive and mathematical reading comprehension skills to take advantage of the Glossary. They may not make good judgments
about the difficulty of steps and thus not realize when they could benefit from using the
Glossary. Further, it may often be too difficult for them to find, interpret, and apply relevant
information in the Glossary. In order to get students to learn how to use a resource like the
Glossary (a secondary goal we had when we added the Glossary), the tutor must provide
more support for doing so (Aleven & Koedinger, 2000a).
In sum, students in both conditions rarely used the Glossary to solve problems, but
students in the Explanation condition frequently used it to explain problem-solving steps.
Thus, one benefit of the Explanation Condition seems to have been that it encourages the use
of descriptions and examples of problem-solving principles in the Glossary.
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6. A mathematical model of acquired knowledge constituents
A major finding of this research is that self-explanation does not increase the rate at which
knowledge is acquired as much as it changes the nature of the knowledge acquired. We
wanted to better understand this change in the nature of the acquired knowledge. In
particular, we wanted to investigate whether the experimental data offer support for the
hypothesis that self-explanation during problem solving helps students better to integrate
verbal and visual knowledge. To do so, we created a mathematical model of hypothesized
internal knowledge constituents and attempted to fit it to the pattern of post-test performance
data. The model comprises (1) dependent variables corresponding to four measures of
post-test performance, (2) three independent variables, capturing the strength of different
knowledge constituents at the post test, and (3) four equations relating the dependent and
independent variables, that is, relating the strength of the different knowledge constitutents
to post-test perfomance. While quantitative in nature, the model is meant primarily as a tool
for thinking qualitatively about the experimental data, as discussed further below.
The model distinguishes between four aspects of post-test performance and contains a
variable for each. The aspects are: Score on the Easier-to-Guess Numeric Answer items
(variable E), score on Harder-to-Guess Numeric Answer items (H), score on Reason items
(R), and score on Not Enough Info items (N). These types of post-test items were described
before. The model is based on the assumption that students’ post-test performance is a result
of a mix of three types of knowledge. For each of these types of knowledge, there is an
independent variable in the model that represents the probability that students have acquired
this type of knowledge: Correct Procedural Knowledge (p), Shallow Procedural Knowledge
(s), and Declarative Knowledge (d).
Declarative Knowledge (d) integrates visual and verbal knowledge of the problem-solving
principles, such as the knowledge a student might acquire by active processing of visual
images and associated verbal descriptions in the tutor’s Glossary or in a classroom discussion. As mentioned, this integrated knowledge can be represented with diagram configuration
schemas (Koedinger & Anderson, 1990), which link visual patterns with formal geometric
constraints and properties. For example, a diagram configuration schema dealing with
isosceles triangles would relate an image of a triangle that looks like an ice cream cone or
Christmas tree in any shape or rotation with the properties that the triangle has two congruent
sides and that the two angles opposite the congruent sides are congruent. The schema also
contains information specifying which subset(s) of these properties are sufficient to infer that
the schema applies (“ways-to-prove”) and that all of the listed properties hold. For example,
to infer that the isosceles triangle schema applies, either one of the properties mentioned
above must hold. The other property then follows. Visually recognizing the ice cream cone
shape helps to retrieve the schema from memory but is not sufficient to decide that the
schema applies—what looks like an isosceles triangle may not always be so.
Procedural knowledge, as defined in the ACT-R theory of cognition (Anderson & Lebière,
1998), is implicit knowledge that can be used to perform a task but is not open to reflection.
In our domain, Correct Procedural Knowledge (p) enables a student to find numeric answers
to the types of geometry problems presented in the experiment. Shallow Procedural Knowledge (s) is incorrect procedural knowledge, guessing heuristics that are overly general or
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Table 4
Justification for the equations in the model
Item type

Equation

Justification
To be successful one needs to

Numeric, Easier-to-Guess

E ⫽ d⫹(1-d)p⫹(1-d)(1-p)s

Numeric, Harder-to-Guess

H ⫽ d⫹(1-d)p

No Enough Info

N ⫽ d⫹(I-d)(1-s)

Reason

R ⫽ d⫹(1-d)*0.25

Have declarative knowledge (d), or have
correct procedural knowledge (p), or guess
right (s)
Have declarative knowledge (d) or correct
procedural knowledge (p)
Have declarative knowledge (d) or refrain
from guessing (1-s)
Have declarative knowledge (d) ro narrow
down using keywords (0.25)

wrongly contextualized, such as “angles that look the same, are the same” or “if a triangle
looks like a Christmas tree standing upright, its two bottom angles are equal,” the latter being
a shallow version of the isosceles triangle schema discussed above. We suspect (and the
examples just given illustrate) that this knowledge is primarily visual and lacks integrated
verbal constraints. In the Christmas tree example, the missing verbal knowledge is that two
sides of the triangle are congruent. Without this constraint, the schema applies also to
triangles that look like isosceles triangles but are not known to be so.
Finally, the model has a set of equations that capture the ways in which the different types
of knowledge can be brought to bear to solve the four different types of test items. These
equations, listed in Table 4, observe the ACT-R theory. In short, Declarative Knowledge is
useful for all four types of test items, assuming that a student has mastered the necessary
procedures for interpreting and applying the declarative knowledge. Correct Procedural
Knowledge is useful for finding numeric answers, whether Easier-to-Guess or Harder-toGuess. Shallow Procedural Knowledge helps in getting the Easier-to-Guess answer items
right, but gets in the way when dealing with Not Enough Info items. We describe the
motivation for each equation in more detail.
6.1. Numeric, Easier-to-Guess items
In order to find a numeric answer one can use either declarative knowledge (d) of the
relevant problem-solving principles plus an appropriate interpretive procedure, or one can
use procedural problem-solving knowledge (p). Also, on Easier-to-Guess items Shallow
Procedural Knowledge (s) is likely to succeed.
6.2. Numeric, Harder-to-Guess items
Harder-to-Guess items can be solved using (correct) procedural problem-solving knowledge (p) or by interpreting relevant declarative knowledge (d). Shallow procedural knowledge or guessing heuristics (s) however usually do not apply to these types of items, in
contrast to the Easier-to-Guess items. Thus, they do not affect performance on the Harderto-Guess items.
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6.3. Not Enough Info items
As mentioned, when dealing with Not Enough Info items, students must recognize that the
value of a quantity cannot be uniquely determined, based on the available information (i.e.,
the quantity is underconstrained). One way to arrive at correct answers to Not Enough Info
items is through deliberate processing of a verbal declarative encoding (d) of geometric
constraints (stored in the ways-to-prove slot of diagram configuration schemas). That is,
students must retrieve from memory a small set of diagram configuration schemas that are
potentially relevant, cued by either visual or verbal information extracted from the problem.
Then they must verify that none of the retrieved schemas apply. For each retrieved schema
they must verify that no ways-to-prove are satistied, meaning that there is a missing
geometric constraint, (e.g., that certain lines are parallel) or a missing numeric condition
(e.g., that certain quantities are known). This way, they may come to a reasoned conclusion
that no relevant geometry knowledge applies and that the answer is, “no, not enough
information is available.” Procedural knowledge cannot be deliberately interpreted in this
way. It can only be executed directly (Anderson & Lebière, 1998).
Even without relevant declarative knowledge, students may get Not Enough Info items
right, by (1) trying to solve them using their correct procedural knowledge (p), (2) failing to
find an answer, and (3) concluding that there is not enough information. In order to rely on
procedural knowledge in this way, students must not use shallow guessing heuristics (s) of
the kind that we have seen before, such as the shallow rule “if angles look the same, they are
the same.” These guessing heuristics might produce a numeric answer to Not Enough Info
items, which of course is incorrect.
6.4. Reason items
A student may explain a numeric answer by retrieving from long-term memory a verbal,
declarative encoding (d) of the relevant domain principle, perhaps checking that it actually
applies to the current problem, and then verbalizing that encoding. Procedural problemsolving knowledge cannot be used to explain answers, because it is not available for
verbalization (Anderson & Lebière, 1998). Further, given that students were using a reason
sheet during the post-test, we assumed there is about a 25% chance that a student might get
an explanation right without having accurate Declarative Knowledge. Using keywords or
visual cues, it is usually possible for students to narrow down the set of possible reasons on
the reason sheet to about four. Thus, we added a fixed parameter to represent this 25% chance
that a students gets the reason correct without correct Declarative Knowledge.
When we fit this model to the post-test data of Experiment 2, using the Generalized
Reduced Gradient method offered by the Microsoft Excel Solver,4 we find the values of the
independent variables (i.e., those representing the strength of knowledge constituents) shown
in Table 5. With respect to the quality of the fit between model and data, the correlation
between the actual and predicted values of the post-test variables (shown in Table 6) is r ⫽
0.995 when we consider the average post-test performance in the two conditions and is r ⫽
0.49 when we consider the fit for each individual student. While these correlations suggest
that a reasonable fit is achieved between model and data, we are not primarily interested in
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Table 5
Probability of mastery of the various knowledge types, found by fitting the model variables to the post-test
data of experiment 2
Knowledge type

Variable

Explanation condition

Problem-Solving condition

Shallow Procedural Knowledge
Correct Procedural Knowledge
Declarative Knowledge

s
p
d

0.58
0.30
0.32

0.68
0.42
0.12

the statistical properties of the fit, nor in the particular variable estimates that were found. An
ideal model would include additional parameters, both to represent student variability and to
represent variability in the different production rules associated with different post-test items.
Such a model is beyond the scope of the current paper.
However, we do think the current model helps to develop a useful qualitative interpretation of the different pattern of post-test results across the two conditions. The model suggests,
plausibly, that the Explanation condition acquired more reliable (integrated visual and
verbal) declarative knowledge (higher d value), whereas the students in the Problem-Solving
condition had stronger procedural knowledge, but also a greater inclination to guess, as
evidenced by the greater probability for both Correct and Shallow Procedural Knowledge
(higher p and s values, see Table 5). Thus, students in the Explanation condition were better
at explaining their problem-solving steps because they had more integrated verbal and visual
declarative knowledge. They were better able to deal with Not Enough Info items because
they had stronger declarative knowledge and less shallow procedural knowledge. Students in
the Problem Solving condition did better on the Easier-to-Guess items due to stronger
procedural knowledge, as well as a greater amount or weighting of shallow knowledge. The
students in the Explanation condition were able to do better on the Harder-to-Guess items,
using declarative knowledge to make up for their weaker procedural knowledge.
Further insight can be had from a “qualitative sensitivity analysis” of the model, namely,
by asking which internal knowledge constituents are needed to explain the statistically
significant differences observed between the conditions. The answer follows from the
following qualitative argument: The significant difference between conditions on the Reason
and Not Enough Info transfer items requires an internal knowledge structure better acquired
by the Explainers. The Declarative Knowledge parameter fills this role. Given the DeclarTable 6
Comparison of the predicted values of the input variables of the model against the post-test data of
experiment 2
Type of test item

Numeric, Easier-to-Guess
Numeric, Harder-to-Guess
Not Enough Info
Explanation

Variable

E
H
N
R

Explanation condition

Problem-Solving condition

Actual

Predicted

Actual

Predicted

0.76
0.54
0.58
0.51

0.80
0.52
0.61
0.49

0.84
0.49
0.41
0.34

0.84
0.49
0.41
0.34
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ative Knowledge difference in favor of Explainers and the fact that the conditions did equally
well overall on the Answer items (i.e., the Easier-to-Guess and Harder-to-Guess items
grouped together), there is a need for a second type of internal knowledge structure that is
better acquired by the Problem Solvers. The Correct Procedural Knowledge parameter fills
this role. Finally, the observed interaction between the Harder-to-Guess and Easier-to-Guess
test items (Explainers did better on the Harder-to-Guess items, but Problem Solvers did
better on the Easier-to-Guess items) requires a third internal knowledge structure that raises
Problem Solvers’ performance only on Easier-To-Guess items. The Shallow Procedural
Knowledge parameter fills this role. Thus, this sensitivity analysis reveals that, within the
structure of the proposed model, dropping out any one of the parameters would result in an
inability to capture a characteristic difference in post-test performance.
We suspect that the students in the Explanation condition also acquired a limited amount
of shallow explanation knowledge, for example, knowledge associating names of geometry
theorems with particular visual configurations. This knowledge would enable them to do well
on the Reason items of the post-test, but would not necessarily represent deeper understanding. However, if this knowledge were the only difference between the conditions, we could
not explain why the Explainers did better on Not Enough Info items and Harder-to-Guess
Answer items. While explanation “by reference” as supported in the Geometry Cognitive
Tutor does not stop all shallow reasoning, it is fair to conclude that it reduces the chances of
shallow reasoning, both at the problem-solving and the explanation level.
7. Discussion
We have shown how a simple computer-implemented form of self-explanation support
leads to enhanced student learning. We found that student achievement gains acquired from
such support are quantitatively better than achievement gains from tutored problem solving.
More importantly, we found a qualitatively different pattern of learning and post-test
performance across the conditions. This different pattern of learning and performance
appears to be well accounted by a model of more shallow procedural acquisition in the
problem-solving control condition and more integrated visual and verbal declarative knowledge acquisition in the explanation condition.
7.1. Learning process
How does having students explain their problem-solving steps yield these differences in
knowledge acquisition? Our account is similar to the computational model proposed by
VanLehn et al. (1992). They stressed the ways in which self-explanation leads students to
find and repair gaps in their knowledge and thus construct new declarative knowledge. We
share with VanLehn et al. a concern for distinguishing deep and superficial modes of
learning. However, our account is different in that it is in the context of the ACT-R theory
and in that it emphasizes the role of visual and verbal modes of learning. Many domains, like
geometry, have a significant visual component. We believe self-explanation aids learning in
such domains because it facilitates the construction of more integrated visual and verbal
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declarative knowledge. Further, it reduces students’ reliance on shallow visual inference and
implicit procedural knowledge that is not available for reflective reasoning.
Shallow learning and understanding in geometry problem solving is often a result of (a)
starting out with weak declarative knowledge, both verbal and visual, and (b) relying
primarily on visual information during problem-solving practice. Without constraints from
verbal declarative knowledge, students are subject to the frailties of induction. They are
prone to be captured by specific visual patterns and acquire overly general or wrongly
contextualized production rules. A primary example in the geometry domain is “if it looks
the same, it is the same.”
When students engage in an effort to explain their problem-solving steps they strengthen
their verbal declarative knowledge and better integrate visual and verbal knowledge. They
are more likely to retrieve verbal declarative descriptions of problem-solving principles from
long-term memory and thus strengthen those memories. Alternatively, they may consult the
Glossary to read the verbal descriptions and view visual examples (as Explainers more often
did) and thus strengthen and connect these forms of knowledge. Most importantly, when
students attempt to explain they may reflect on implications of both forms of knowledge to
root out shallow visual knowledge and incorrect interpretations of verbal forms. Explaining
requires more deliberate processing that can lead students to identify and fill knowledge gaps
(VanLehn et al., 1992). Processing new terms can cue a student’s attention toward critical
features of visual instances and so guide more accurate rule induction. For instance, a student
may currently have shallow or incomplete knowledge that is roughly, “if isosceles, then
equal angles.” Processing “base angles” during explanation may highlight the need for an
additional condition, cue the student’s attention to the visual symmetry of the base angles,
and so facilitate the induction of a new condition: “if angles at the base of an isosceles . . . .”
In sum, we submit that the deliberate processing of verbal declarative knowledge required
by self-explanation complements students’ natural inclination toward example-based induction. This combination of induction and verbal learning modes is consistent with studies that
show that students learn better from instruction based on both examples and rules than from
instruction based on either one alone (Holland, Holyoak, Nisbett & Thagard, 1986). Our
emphasis on the importance of the integration of visual and verbal forms of knowledge is
consistent with research on memory advantages of a visual-verbal “dual code” (Paivio,
1971). It is also consistent with research on expertise that has identified perceptual chunks
(visual knowledge), in addition to more jargon (verbal knowledge), as distinguishing experts
from novices (e.g., Chase & Simon, 1973; Koedinger & Anderson, 1990). Finally, our
emphasis on visual and verbal knowledge integration is consistent with other successful
instructional interventions that have been fundamentally designed to help students connect
visual intuitions and more formal verbal knowledge (Griffin et al., 1994; Kalchman et al.,
2001).
7.2. Effect of providing feedback on self-explanations
The current study shows that self-explanation can be supported effectively using instructional software which provides feedback on explanations and other forms of scaffolding,
such as on-demand hints and a Glossary. In earlier studies, it was shown that self-explanation
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helped students learn with greater understanding, even if they did not receive feedback on
their explanations (e.g., Chi et al., 1989). How important then was the scaffolding provided
by the tutor in the current study, in particular the feedback on explanations? Although the
data do not enable us conclusively to single out any given tutor feature for credit or blame,
there is evidence that the tutor’s feedback on students’ explanations was very important.
First, the tutor’s feedback helped students improve their explanations. As mentioned,
when students enter explanations, the tutor tells them if the explanation is correct or not.
Further, the tutor insists that students provide a correct explanation for each step. Students
in the Explanation condition got explanations right on the first try on 55% of the steps. This
suggests that the tutor’s feedback and hints contributed to the eventual correctness of as
much as 45% of the students’ explanations. Further, the tutor’s feedback on the students’
numeric answers may also have helped students in getting the explanation right, since
knowing the correct numeric answer obviously provides constraints on the explanation of
that answer. It is quite likely that without these forms of scaffolding, the success rate on
explanations would have been considerably lower, which may well have had a negative
impact on students’ learning outcomes.
The importance of correctness and quality of self-explanations has been debated in the
cognitive science literature (see Conati & VanLehn, 2000). A number of researchers have
pointed out that the quality of explanations matters (Lovett, 1992; Renkl et al., 1998). On the
other hand, one researcher has argued that even incorrect self-explanations can be beneficial
(Chi, 2000), as the resulting incorrect “knowledge” is likely, sooner or later, to trigger further
self-explanations and thus be corrected. But what happens if those further self-explanation
are again incorrect? Chi’s argument seems to depend on a premise that most self-explanations will be correct. And indeed, across her studies, 75% of students’ self-explanations were
correct (Chi, 2000). But this high level of explanation ability is not likely in all domains. For
example, in the current study, the success rate was only 55%. In such domains, it is likely
that feedback on explanations is crucial or at least very useful if students are to learn by
self-explaining. Further, in many domains, poorer students are likely to benefit from feedback on explanations. A similar argument motivated the design of the SE-COACH system
(Conati & VanLehn, 2000).
The tutor’s feedback was important in a second way: without tutor feedback students may
not have attempted to explain their steps in the first place. Both concerns were confirmed in
a study that involved a version of the tutor that prompted students to supply explanations in
their own words, but did not analyze the explanations or provide feedback (Aleven &
Koedinger, 2000b). Without feedback, students often ignored these prompts and provided
very few high-quality explanations on their own.
7.3. Effect of explaining steps by reference
In the current study, students’ explanations were references to the problem-solving
principles involved. Students could explain steps simply by naming the problem-solving
principle that justified the step. In most other studies on self-explanation, by contrast,
students explained in their own words. Perhaps the greatest surprise of the current study was
that this relatively simple format has a positive effect on learning. Apparently, explanation
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by reference leads to some amount of conscious and conscientious processing of verbal
declarative knowledge and to better integration of visual and verbal knowledge, as discussed
above. Tacit reasoning can lead to learning even when it is not verbalized (Berardi-Coletta
et al., 1995).
An interesting open question is whether students learn more when they explain in their
own words, when working with a computer tutor. This question is especially relevant since
natural language processing technology has progressed to the point that researchers are now
exploring its use in tutoring systems (Rose & Freedman, 2000). Having students explain in
their own words is likely to have a number of benefits. When students explain in their own
words, the tutor can require that they provide complete explanations, not just references to
problem-solving principles as in the current tutor. This makes it more likely that students
attend more fully to the problem-solving principles and that they detect gaps in their own
knowledge (cf., VanLehn et al., 1992). Also, when explaining in their own words, it may be
easier for students to build on existing knowledge or receive some credit for explanations that
are partially correct. The tutor has more information about their thinking processes and thus
is in a better position to provide targeted help in the construction of new knowledge, possibly
in the form of a dialog (Aleven & Koedinger, 2000b). Finally, when students explain in their
own words, there may be a generation effect (Anderson, 1999), due to the fact that one recalls
information from memory, rather than recognizing it in a menu. In order to investigate
empirically whether and why having students explain in their own words leads to better
learning, we are currently adding natural language understanding capabilities to the Geometry Cognitive Tutor (Aleven, Popescu & Koedinger, 2001). The current “explanation by
reference” format provides a yardstick against which to measure the effectiveness of this
technologically more sophisticated approach.

8. Conclusion
In many forms of instruction, it is difficult to ensure that students avoid the learning of
shallow heuristics and that instead, they come away with deeper understanding. Our study
shows that self-explanation, supported by means of intelligent instructional software, can
help towards this goal and can enhance learning in actual classrooms. We found that guided
self-explanation adds value to guided problem-solving practice without self-explanation.
Specifically, we found that problem-solving practice with a Cognitive Tutor is even more
effective when the students explain their steps by providing references to problem-solving
principles.
Supporting self-explanation in this manner leads to greater understanding, as was manifested in a number of different ways. First, the students who had explained problem-solving
steps during training were better at explaining their problem-solving steps and dealt better
with transfer problems. Second, while both groups learned equally well to solve geometry
problems (i.e., to determine unknown measures in diagrams), it appeared that the students
who had explained dealt better with harder-to-guess items, whereas students who did not
explain scored higher on easier-to-guess items. Third, the explainers were less likely to jump
to unwarranted conclusions (i.e., the proportion of errors of commission was lower). Fourth,
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the explainers had a greater ability to transfer what was learned from computer-based
training to a paper-based post-test. In other words, the knowledge and skills acquired by the
nonexplainers appeared to be tied to irrelevant particulars of the tutor environment.
The greater understanding that resulted from self-explanation seems due to qualitatively
different knowledge. It can be explained in terms of more integrated visual and verbal
declarative knowledge, used more reflectively, and less shallow procedural knowledge. In
terms of learning processes, the act of explaining problem-solving steps appears to help
students to integrate two modes of learning: implicit visual induction and explicit verbal
knowledge acquisition. Example diagrams are easier to interpret than the unfamiliar and
abstract terms in verbal rules. However, when students induce general rules based primarily
on the visual cues attended to in diagrams, they are likely to form shallow visual heuristics.
Bottom-up induction is an error-prone process. When students explain steps, they are forced
to pay more attention to the verbal representation of problem-solving principles and verbal
cues help focus attention on the critical visual features. Top-down guidance from verbal
knowledge helps to avoid the frailties of less reflective induction. An interesting finding in
this regard is that the explainers made greater use of the tutor’s on-line Glossary of geometry
knowledge. This very likely helped them in acquiring stronger and more accurate declarative
knowledge that integrates visual patterns and verbal constraints, as in the diagram configuration schemas characteristic of geometry experts (Koedinger & Anderson, 1990).
The current study is one of the first to compare instruction that focuses on self-explanation
against a proven instructional condition that does not emphasize or support self-explanation.
The control condition in our study was based on a curriculum which involved an earlier
version of the Geometry Cognitive Tutor, a version which does not support self-explanation.
This curriculum has been shown in earlier studies to be superior to traditional classroom
instruction (Koedinger et al., 2000). It is significant that self-explanation can make a
difference even when compared to such a high standard.
By showing how self-explanation can be supported by intelligent instructional software,
the current study adds to studies reported in the literature that have shown that selfexplanations can be elicited through prompting (Chi et al., 1994; Renkl, 1997) and that
students can be taught to self-explain (Bielaczyc et al., 1995). Key features of the selfexplanation support investigated in this study were that the tutor (1) requires students to
explain their problem-solving steps in the form of references to problem-solving principles
and (2) scaffolds the process of constructing explanations through feedback and hints.
Feedback on self-explanations appears to be important, even if our data do not conclusively
prove this. Without feedback, students would probably have generated fewer correct explanations, with a detrimental effect on learning. In fact, they may not have had much incentive
to provide any explanations at all.
A surprising finding is the fact that self-explanation is effective even when students are
asked only to name the problem-solving principles that were involved in each step, but not
to state the problem-solving principle or to elaborate how it applies to a problem. Perhaps
equally surprising is the fact that self-explanation was scaffolded effectively by a computer
tutor. Thus, other aspects of self-explanation that have been hypothesized to be crucial, such
as the presence of a human instructor or the fact that students explain in natural language (as
opposed to a structured computer interface) are not a necessary condition for effective
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support. It is an interesting question whether these aspects are even relevant. For example,
will students learn more effectively when they are asked to provide more complete explanations or state explanations in their own words? This is a focus of our on-going research.
Our study shows that self-explanation can be leveraged to improve education in actual
classrooms. The Geometry Cognitive Tutor with support for self-explanation helps students
to deal better with more challenging problems and with transfer items. Further, the fact that
this tutor helps students to learn to explain their steps is important in its own right, as
communication of mathematical results is an important curricular objective of the National
Council of Teachers of Mathematics (NCTM, 1989). Certainly, problem solving and communication are not the only objectives of mathematics education. Also, with respect to
supporting curricular objectives such as mathematical connections and communication, more
can and ought to be done in classroom discussions than can be supported in today’s
technology. However, a tough question is how to move teachers in this direction as well as
students. We think technology has a role for both. Also, cognitive science studies such as that
presented in this paper can help convince and educate teachers as to the value of and
techniques for supporting self-explanation.
To conclude, our study illustrates how basic cognitive science research findings can be
leveraged to have an impact on educational practice. The Cognitive Tutor for geometry
problem-solving, with the self-explanation support described in the current paper, is available commercially and is being used in a growing number of classrooms in the United States.

Notes
1. A company called Carnegie Learning, Inc. has been formed to market the Cognitive
Tutors and curricula. See http://www.carnegielearning.com.
2. We include in the count only the steps where students were asked to infer a numeric
answer, by applying a geometry definition or theorem, or where they were asked to
explain such an inference. We excluded those steps where a quantity sought was
given in the problem statement.
3. One second is obviously too short to read and interpret a Glossary item, but not too
short to recognize an item one has seen before. Also, it may not take much more than
one second to rule out the applicability of a Glossary item visually by detecting a
mismatch between the problem diagram and the example diagram of the Glossary
item.
4. “Microsoft Excel Solver uses the Generalized Reduced Gradient (GRG2) nonlinear
optimization code developed by Leon Lasdon, University of Texas at Austin, and
Allen Waren, Cleveland State University.” From the Excel on-line help.
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