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Abstract. Self-explaining is a domain-independent learnirigategy that generally leads to a robust
understanding of the domain material. However,etse two potential explanations for its effectiesn First,
self-explanation generates additiomaintentthat does not exist in the instructional materi&econd, when
compared to comprehensiogenerationof content increases understanding and recallinAvivo experiment
was designed to distinguish between these potintialhogonal hypotheses. Students were instrutdedse
one of two learning strategies, self-explaining padaphrasing, to study either a completely jiediexample or
an incomplete example. Learning was assessed &pladime points and levels of granularity. Theults were
consistent, favoring the generation account ofegfflanation. This suggests that examples shouldesgned

to encourage the active generation of missing cariéormation.
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INTRODUCTION

An important domain-independent learning strateggelf-explaining, which is defined as the sense-
making process that an individual uses to gaineatgr understanding of some instructional material,
including texts, worked-out examples, diagrams, atiebr multimedia materials by explaining it to
themselves (as opposed to another person) (Royi&2005). Self-explaining has consistently been
shown to produce learning gains in several domaimduding physics (Chi & Bassok, 1989; Chi,
Bassok, Lewis, Reimann, & Glaser, 1989), the hurnmoulatory system (Butcher, 2006; Chi,
DeLeeuw, Chiu, & LaVancher, 1994; Hausmann & CB0Q2), geometry (V. A. W. M. M. Aleven &
Koedinger, 2002) and many others (Atkinson, Re&kMerrill, 2003; McNamara, 2004; McNamara,
Levinstein, & Boonthum, 2004; Moreno, 2006; Rerdid97). Moreover, self-explaining has been used
in several different learning contexts, includingtie laboratory (Butcher, 2006; Chi, et al., 1989)
the classroom (McNamara, 2004; McNamara, et ab4p0with prompting from humans (Chi, et al.,
1994) and from computers (V. A. W. M. M. Aleven &o&dinger, 2002; Conati & VanLehn, 2000;
Hausmann & Chi, 2002).

Although the effect has been widely replicatedsistill not clear why self-explanation works.
Two potential explanations will be addressed in plaper that follows. The first explanation is that
differences in thecontentare responsible for the increased learning gdihat is, self-explaining
generates additional content that is not presethtannstructional materials. The second explanasgo
that it is theprocess rather than the product, that matters. Thatis,process of generating the extra
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content is more important for learning than theteonitself. Let us provide names for the hypotkese
the Coverage hypothesis and the Generation hypsthes

As an illustration, and a brief glimpse into theattodynamics task domain used in the present
experiment, suppose an example is being presestedvadeo. The video starts with a problem that
shows an electric field (represented by parallebvas; see Appendix B) and a positively charged
particle (represented by a dot). The example vidi@avs an arrow with its tail on the dot and says,
“We draw a vector representing the electric foroetlee particle due to the electric field.” Thisas
step in the example, so let us illustrate the mea self-explaining by considering two possible
student responses:

1. Suppose the student says, “OK, so there’'s a foncthe particle parallel due to the field.”
This doeshot count as a self-explanation; it is merely a paraph of the step.

2. On the other hand, suppose the student says, “fége is positive, so the force is in the
same direction as the field; if it had been negatit would be in the opposite direction.”
This doescount as a self-explanation because it goes \egbid what the example states.

However, suppose the example video itself saidg“Tharge is positive, so the force is in the same
direction as the field; if it had been negativewiuld be in the opposite direction.” and the shide
read it and even paraphrased it. Would simply baimgre of this extra content have the same benefits
as generating it? The Coverage hypothesis sayst tivatild, but the Generation hypothesis says that
it would not.

Because examples are often addressed in Cognitiad Theory (Paas, Renkl, & Sweller, 2003),
it is worth a moment to discuss the theory’s prigdiis. The theory defines three types of cognitive
load: intrinsic cognitive load is due to the content itsadktraneouscognitive load is due to the
instruction and harms learningermanecognitive load is due to the instruction and hdgarning.
Renkl and Atkinson (2003) note that self-explainingreases measurable cognitive load and also
increases learning, so it must be a source of gezroagnitive load. This is consistent with botloof
hypotheses. The Coverage hypothesis suggesthiéhatudents are attending to more content, and this
extra content increases both load and learning. Géeeration hypothesis suggests that load and
learning are higher when generating content thaamndomprehending it. In short, Cognitive Load
Theory is consistent with both hypotheses and doekelp us discriminate between them.

The two hypotheses are pragmatically importanth&é Coverage hypothesis is correct, then
instruction should include examples that are asptetely explained as possible—this is what many
instructors tend to do in lectures and texts. @ndther hand, if the Generation hypothesis is ctrre
then instructors should provide sparse examplessangehow motivate the students to fill in the
explanations. Thus, the Coverage and Generatiomthgpes have important implications for the
design of instruction.

Explaining self-explaining

This research focuses on self-explanatiorexdmples An example is a solved problem, where the
solution is derived in a series of steps (VanLet896); however, examples are typically incomplete.
Although each step is produced by applying one aremknowledge components, neither the
knowledge components nor the details of their aptitn are mentioned in an incomplete example



(Zhu & Simon, 1987). The student is left to infeemn instead. For instance, in the illustration &yov
the example asserted that a force existed in ainedirection, and the student had to apply the
definition of electric fields to figure out why. Bexplaining an example consists mostly of applyin
knowledge components in order to justify and cohrsteps in an incomplete solution (Chi &
VanLehn, 1991; VanLehn & Jones, 1993; VanLehn, dp&eChi, 1992). The self-explanation effect
is the by-now common finding that students who-egfflain incomplete examples learn more than
students who do not (V. Aleven & Koedinger, 2000pH & Bielaczyc, 1989; Reimann & Neubert,
2000; Renkl, 1997; Renkl, Stark, Gruber, & Mandf98). Although most examples found in
textbooks are incomplete, it is possible to cortstaomplete examples. A complete example justifies
every step in terms of domain principles, defimitipand other knowledge components. This assumes
that the domain has well-defined and accepted ipias; definitions, etc. That is arguably the cise
introductory physics, which is the task domain uigetthis study.

Several discussions of the self-explanation effdsb mention the generation effect (Jacoby,
1978; Slamecka & Graf, 1978), which is a well-knofumding in the memory literature, wherein
subjects who participate in the generation of ph&resociates have a higher probability of recalhth
participants who are merely presented with paies,(the read-only condition). It is quite a leap t
apply a hypothesis about low-level recall to a wehobgnitive skill, and its truth is not a foregone
conclusion (for preliminary evidence, see deWinstgn 1995; deWinstanley & Bjork, 2004;
Peynircioglu & Mungan, 1993). As mentioned earligre call this conjecture the Generation
hypothesis. To put it precisely, students learnanehen theygeneratethe explanation for example
steps than when they merely read anthprehendhe explanations. Thus, complete examples should
be less effective than incomplete examples provithed students self-explain all the steps in the
incomplete examples.

Lovett (1992) tested the Coverage and Generatipothgsis with permutation and combination
problems. Lovett's 2 x 2 design crossed the soafdhe solution (subject vs. experimenter) with the
source of the explanation for the solution (subjectexperimenter). Thus, the experimenter-subject
condition had students study an incomplete examjilgout any prompting for self-explanation. The
experimenter-experimenter condition had studentdysa complete example. Lovett found that the
subject-experimenter condition was so confusinthéostudents that they required six times as many
hints—thus, the fact that it produced low learnisgnot surprising and irrelevant to testing the
hypotheses. Lovett analyzed errors and found tb&tome differences among the remaining three
conditions was mostly due to a single knowledge mamment, called numerator-starting-value (NSV)
in her cognitive task analysis. Students in theserpenter-experimenter condition always heard about
NSV during the experimenter's explanation, and thestly applied it successfully during the post-
test. About half the students in the experimentdjext condition mentioned NSV during their
explanations, and only those students applied findutesting. Students in the subject-subject
condition probably had to apply NSV in order to gexte the first step in their solutions, and they
almost all applied it successfully again duringites Thus, it appears that learning occurs if anty
if NSV is either mentioned in experimenter's exglion, mentioned in students’ explanation, or
applied by the student. This is consistent with @average hypothesis and not the Generation
hypothesis. The Generation hypothesis would pretthat when the experimenter mentions NSV,
students are not likely to learn it.

Brown and Kane (1988) found that explanations mtediby children between the ages of four
and seven, either spontaneously or in responsectagts, were much more effective at promoting
transfer than those provided by the experimenter.tl®e face of it, this is consistent with the



Generation hypothesis and not the Coverage hypsttéswever, the students who were told the rule
may not have paid much attention to it, accordmtown and Kane. If so, then the experiment is not
a good test of the hypotheses because the Covbggugehesis requires that students attend to the
explanations they are given.

Stark (1999) found that students who studied indetepexamples demonstrated stronger
performance on near- and medium-transfer probléras students who studied complete examples.
However, the benefit for incomplete problems ditlreach traditional levels of statistical significa
for far-transfer problems (summarized in Renkl, 200. 533). Thus, the evidence from this study is
mixed. The null result for far-transfer problemsansistent with the Coverage hypothesis only. The
positive result for near- and medium-transfer peold is consistent with the Generation hypothesis
only.

Manipulating the completeness of the examples &éogous to studies that compare learning
from differentially elaborated texts. Across seVengeriments, McNamara et al. (McNamara, 2001,
1996) manipulated the completeness of a text anddfdéhat the learning outcomes depended on the
prior knowledge of the students. Low-knowledge stid learned best from elaborated texts. This is
consistent with both the Coverage hypothesis aadatneration hypothesis because low-knowledge
students are unlikely to generate the key conngatiferences left unsaid by the unelaborated t@rt.
the other hand, the high-knowledge students leabetter from the unelaborated texts. This is
consistent with the Generation hypothesis and ritbt tive Coverage hypothesis, which would predict
a null result because students read the knowledgepenents in the elaborated text and they
generated the knowledge components (during selfagfion) for the unelaborated texts. However,
another possible explanation for this result ist tttee high prior-knowledge students’ reading
strategies were disrupted by the elaborated teRecxause the text supplied the knowledge
components, they simply became passive readersofied failed to attend to the knowledge
components presented by the text. Being passivelipidurt their comprehension of the text. It also
salvages the Coverage hypothesis, which requirasstiudents attend to the presented knowledge
components, and passive readers often do not do so.

Support for the passive-reader interpretation aafolond in a study by Gilabert, Martinez, and
Vidal-Abarca (2005). They designed elaborationsafdext that simultaneously increased coherence,
provided causal inferences, and encouraged activeegsing. They found that both high- and low-
prior knowledge students learned more from thecektled text than the original text. These results a
consistent with the Coverage hypothesis and noh wie Generation hypothesis. Moreover, this
finding supports the passive-reader interpretatiotihe McNamara et al. results, thus undercuttiag i
support for the Generation hypothesis.

In summary, the experimental record is mixed. Setudies (e.g., Lovett; Gilabert et al.) support
the Coverage hypothesis; some studies (e.g., BWane; McNamara et al.) support the Generation
hypothesis; and others studies (e.g., Stark esapport both. Although the main manipulation was
providing incomplete versus complete examples art$t other variables surfaced. Students with low
prior knowledge may be unable to self-explain aroinplete text or an example. Students may not
attend to the explanations in complete examplesxis.

Thus, to test the Coverage and the Generation hgpes, an experiment is needed that controls
for both the students’ prior knowledge and theigagement in self-explaining or comprehending the
examples. The experiments reviewed earlier seerntoritave had adequate control of these important
variables.



DESIGN AND PREDICTIONS

The ideal experiment would compare Generation gecaumprehension of the same explanations for
example steps. The first challenge is to get stisdienthe generation condition to actually generate
most of the explanations. To do this, we prompted delf-explanations of steps in incomplete
examples because such prompting has been shovastly increase the frequency of self-explanation
(Chi, et al., 1994; Renkl, 1997). The second chglleis to get students in the comprehension
condition to attend to the presented justificatjomkile simultaneously not self-explaining them. To
do this, we had students paraphrase complete eganiy@cause paraphrasing provides an overt,
behavioral indication that the individual has asteattended to the instructional materials ands¢o
reduce the frequency of self-explanation (Hausn&i@hi, 2002). Thus, the two main conditions are
self-explanation of incomplete examples and pawsgghrof complete examples. Let us (&&-
incompleteandP-completeas the names for these conditions.

If compliance of the participants with the instioos was the same in both conditions, then the
Generation hypothesis predicts that the learningsgaf SE-incomplete should be larger than P-
complete, and the Coverage hypothesis predicte &tlearning gains. That is, if students in SE-
incomplete condition generated 90% of the contéat they should, and the students in the P-
complete condition comprehended 90% of the coriteait they should, then we would expect a tie
(Coverage hypothesis) or a difference in favor bé tSE-incomplete condition (Generation
hypothesis). However, suppose it is less likely dardents to self-explain than to comprehend, as
seems plausible. That is, suppose students inBEhac®mplete condition generate 75% of the content
that they should, and students in the P-completeliton comprehend 90% of the content that they
should. Then the Coverage hypothesis predictsthigaSE-incomplete condition would ledassthan
the P-complete condition. Written symbolically, fredictions are:

1. Generation hypothesis: P-complete < SE-incomplete
2. Coverage hypothesis: SE-incomplgte-complete

As a manipulation check, we included two more cbods: P-incomplete and SE-complete. In
the P-incomplete condition, students are given ramomplete example and prevented from self-
explaining it by being prompted to paraphrase litug; they should neither generate nor comprehend
the target content, so both hypotheses predictstgents in the P-incomplete conditions will learn
the least. In the SE-complete conditions, studest® prompted to self-explain a complete example.
The self-explanation prompting should act like #utive engagement manipulation of Gilabetrial.
(2005), so we'd expect the same amount of selfamgilon in SE-complete as in SE-incomplete.
Thus, the Generation hypothesis predicts SE-compieSE-incomplete. We’'d also expect students
who are prompted to self-explain a complete exanpleomprehend at least as much as students
prompted to paraphrase it. Thus, the Coverage hgpist predicts P-completeSE-complete. Here is
a summary of all the predictions:

1. Generation hypothesis: P-incomplete <-complete < SE-incomplete
2. Coverage hypothesis: P-incomplete SE-incomplete<  P-complete

SE-complete
SE-complete

IA



In the results section, we will report measures dtir four conditions, with a special focus on
comparing P-complete to SE-incomplete (italicizdubvae), as they are the conditions where the
hypotheses’ predictions differ.

METHOD
LearnLab: Knowledge components

The data were collected in the Pittsburgh Scientcdearning Center's physics LearnLabA
LearnLab is a course that is designed for condgatgorous,in vivo experiments on issues relating to
robust learning. Robust learning is defined in ¢hparts. First, learning is considered robust wthen
knowledge is retained over significant periods iafet (i.e., long-term retention). Second, robust
learning is the opposite of inert knowledge in femse that students are able to broadly apply their
knowledge to other problems within the same cldggablems, as well as across different classes of
problems (i.e., far transfer). Finally, robust ldag expedites the acquisition of new informatioa.(
acceleration of future learning). The benefit ofieiing data in this environment, as opposed & th
laboratory, is that the realism of the classroorrdases the generalizability of the results, withou
sacrificing randomization or control over otherrarieous variables. Therefore, the results obtdamed
a LearnLab classroom should be easily assimilatidrion-LearnLab classrooms.

One assumption made by the Pittsburgh Science afieg Center is that knowledge can be
decomposed into smaller units, which will be reddrto asknowledge componenf{§anLehn, 2006).
A knowledge component is defined as any piece awkedge that can be learned and applied
independent of other knowledge components. An elawipa knowledge component for the domain
of electrodynamics is, “If a charged particle isaim electric field, then there will be an elecfacce
on the patrticle due to the field.” Another knowledzpmponent is, “If a particle is positively chatge
then its electric force is parallel to the elecfrédd; otherwise, the electric force is anti-p#hto the
field.” Because the first piece of knowledge carkbewn without knowing the second, they are both
treated as knowledge components.

Participants

To test the learning of these knowledge componesitgjents were recruited from five, second-
semester, calculus-based physics courses (PhysiEtettricity and Magnetism) taught at the U.S.
Naval Academy. Of the 113 available students, lid@lents volunteered and provided informed
consent. Two students, who provided informed canserre absent the day of the experiment;
therefore, the total sample size wds 104 students. The student volunteers were gieeinse credit
for their participation.

! http://lwww.learnlab.org/learnlabs/physics



Materials

The materials used for the experiment were devdldpeassociation with one of the LearnLab
instructors and two other physicists. The domaweoed during the experiment was electrodynamics,
with an emphasis on the forces acting on a chapgeiitle located in a region with an electric fiedd
complete specification of the problems can be fanndppendix A.

The problems were solved by the participants ushy Andes Physics Tutor (Gertner &
VanLehn, 2000; VanLehn, et al., 2005). Andes isgglligent tutoring system designed to replace the
paper-and-pencil problems located at the end ofi edapter (see Appendix B for a screenshot of
Andes). Students are expected to enter each solstim, which is analogous to instructors expecting
that students “show all of their work.” The benadit using Andes for homework is that students
receive feedback on each step of the solution,adlsas on-demand help. The feedback is in the form
of red and green flags that alert the studentdoriect and correct entries, respectively. Thesteste
Andes provides is either in response to the studsking what's wrong with an incorrect entry (i.e.,
what's wrong help) or the student asking what steguld be taken next (i.e., next-step help).

In addition to solving problems with Andes, thedsnts also studied examples. The examples
were videos of a screen-logging program that cagltthie actions of an expert solving the problems in
Andes. In addition, the examples’ completeness wasipulated by using an audio track that
described each action either with or without aifigsttion for the action. Excluding justificatiorss a
manipulation of example completeness has been wihdsuccess in other studies [33, 40-42]. For
instance, in a complete example, the voice-oveluded a statement of why the definition of an
electric field equationH = qE) was used in the solution (see Appendix D).

The second manipulation was the type of studyeggathat the students were instructed to use at
the beginning of the experiment and prompted thmoug the study. For the self-explaining
conditions, students were given a description chtvgelf-explaining entails, as well as an example o
a hypothetical student self-explaining a concepmffirst-semester physics (see Appendix C). For the
paraphrasing conditions, they received almost idahinstructions, with the major change being a
description of what paraphrasing is and an exaropla student paraphrasing the same physical
concept.

In addition to the given descriptions and exampktadents were prompted throughout the
experiment to engage in their respective studytegjras. The annotated, worked-out examples were
broken into seven to ten segments, depending oodimplexity of the problem. At the end of each
segment, the voice-over prompted the student teerit‘Please begin your self-explanation” or,
“Please begin your paraphrase.” Below the windovenghthe video was replayed, there were four
prompts that were taken from the instructions heebulleted lists in Appendix C). These written
prompts served as an additional cue for the studegrigage in a particular study strategy.

The materials were designed with two constraintiimd. First, every example was isomorphic
to the previously solved problem. The only diffezerbetween the two was the surface features of the
problem, such as the values of the givens andyrimescases, the directions along which the motion or
force was directed (i.e., the vertical or the hamial axis). Second, the problems were designeld suc
that they grew in conceptual complexity (see tlghtrimost column in Appendix A). That is, the
principles from the first problem were also addeelsdy the second problem, and the second
problem’s principles were included by the third. f@dmportantly, each subsequent problem added a
new principle to the previous problem. This nestiedcture of problems allowed the experimenters to
track performance on specific knowledge componerts time. The implication is that the current



experiment does not conform to the conventionategtantervention-posttest design used in most
educational research. Instead, it takes individungiwledge components as the unit of analysis and
tracks the student’s performance over several appities to apply them.

Design

The experiment was a 2 x 2 x 3 mixed-factorial giesiTwo independent variables were crossed.
Study strategy (paraphrase vs. self-explain) andmgke type (complete vs. incomplete) were
between-subjects variables; whereas problem (PRERDB2, vs. PROB3) was a within-subjects
variable.

Students were block-randomized into condition. Tisatare was taken to ensure that students
were randomly assigned to condition under the camé$ that grade point average (GPA), prior
Andes usage, major, and the letter grade from theiqus physics course (i.e., General Physics I)
were equally represented in each experimental tiondiThe sample size for each condition was: P-
complete: paraphrasing complete examptes 26), P-incomplete: paraphrasing incomplete exasp
(n = 23), SE-complete: self-explaining complete exlmsiph = 27), and SE-incomplete: self-
explaining incomplete examples £ 28).

Procedure

As stated previously, participants were recruiteanf five sections of second-semester physics at the
U.S. Naval Academy (i.e., General Physics Il). Bx@eriment took place during one of the class
periods, which was approximately 110 minutes iradan. As students logged into the system at the
start of class, they were randomly assigned toxgeremental condition. The system then introduced
students to the experiment and displayed the legstrategy instructions that corresponded witlr the
experimental condition (see Appendix C). Upon regdihe instructions, the students were then
prompted to solve the first problem. The first pesb was relatively easy and only required one
principle application (see the practice problem Appendix A). When the first problem was
completed, the students were then instructed tp thia first example video (i.e., EX1). This progess
alternating between solving problems and studyinlgw examples, repeated for three cycles so that,
by the end of the experiment, four problems werwesband three examples were studied. The
procedure of iterating between studying exampled solving problems was analogous to the
Alternating Example condition in Trafton and Rei§E993).

It should be noted, however, that the student sob/groblemfirst, and then they studied an
isomorphic examplafterwards This sequencing of problems and examples defrarts traditional
methods used in prior research (Catrambone & Yu28@6; Sweller & Cooper, 1985; Trafton &
Reiser, 1993). We inverted the isomorphic pairthabwe could use learning curves to plot incrapsin
competence. That is, for every knowledge componatrbduced to the students during the
experiment, it first occurred in a problem, theraimisomorphic example. The problem played the role
of a pre-test and furnished the first point onldaning curve. The problem that followed the exlEmp
played the role of a post-test or mid-test, andifilred the next point on the learning curve.

While the students were studying the examples, Weng prompted to either paraphrase or self-
explain at the end of each segment. To capture tlebalizations, each student wore a pair of
headphones equipped with a close-talk, noise-cimgeahicrophone (Andrea ANC-750 CTI Stereo
Headset). The headphones and noise cancellatioe wecessary because each classroom had



approximately 24 students, each studying and splyroblems simultaneously. The audio was
digitally recorded and stored on the local machitesddition to audio, all of the on-screen adjivi
was recorded using a built-in, screen-logging fiycilThe following data-streams were created for
each student: a.) an audio track of their verbating; b.) a movie of their on-screen activitiesd a.)
a text-only log file of each action in the Andesenfiace; d.) homework log files from the entire
semester; and e.) exam performance on electrodgsami

The training period ended when the student logdedfdhe Andes system. Students were free to
leave the training at any time; however, only rsthedents left early due to scheduling conflictse Th
remaining students left either after the last pgobwas solved, when the class period was over (i.e.
after 110 minutes had elapsed), or whichever oeddirst.

RESULTS
Equivalent groups check

Before turning to the problem-solving and learnirggpults, it was necessary to ensure that the
randomization procedure was effective in producatgiivalent groups. Participants were block-
randomized such that there were initially equal glansizes for each of the four conditions (i.e., P-
incomplete, P-complete, SE-incomplete, SE-compléi)e variables were checked to ensure equal
groups. The variables included GPA (based on apgount system), major (broken down into three
categories: Engineering, Science, and Other), pusvAndes usage (i.e., a subset of the students use
Andes in Physics I: SP211), the letter grade forsRis |, and performance on the practice problem, a
measured by the normalized assistance score.

According to an Analysis of Variance (ANOVA), themas not a statistically reliable difference
between experimental conditions for GHA3, 100) < 1. Furthermore, a chi-squared analysisaled
that there were no differences between conditionsniajor (*(6, N = 104) = 3.70p = .72), previous
Andes usagexf(3, N = 104) = 1.50p = .68), nor the first semester physics gragfél@, N = 104) =
11.49,p = .49). An ANOVA on practice problem assistancerss revealed no reliable differences,
F(3, 99) = .37 p = .78. Based on these five metrics, it is reaslenabassume that the experiment
started with equivalent groups. Therefore, thestteal analyses that follow were conducted without
controlling for any of these variables.

When the log files from the homework assignmentsevamnalyzed, it was discovered that some
of the students had done homework problems on riglefields before the experiment started;
however, these students turned out to be equalyilited among the conditiong’(3, N = 104) =
4.96,p = .18.

Manipulation check

In addition to prior knowledge and ability, we alealuated whether or not the students followed the
directions outlined at the beginning of the expemi The students were instructed to alternate
between two activities. They were asked to firétes@a practice problem using Andes. Then they were
asked to watch a short video on how to solve ama@phic problem. The problems were represented
in a list, starting with the first activity at tthep and the next activity below it. The resultdto$ study

are based on three assumptions.



First, it is assumed that the students would rdaa ihstructions at the beginning of the
experiment. To check this assumption, an analyfsiseostudents’ reading duration of the instruction
was undertaken. It was found that this assumptias ®ssentially correct. Ninety-two percent (96 /
104 = 92%) of the students read the instructions.

Second, it was expected that the students workedesnproblems and watch the videos in order.
About one-third of the students (35 / 104 = 34%Mptetely solved all of the problems and watched
all of the videos in the exact order prescribedhgyinstructions.

Finally, it was assumed that the students woulctwéte whole video. Approximately one-third
(101 / 312 = 32%) of the videos were viewed in rthetirety. Based on these analyses, the
participants may not have acted in accordance tassumptions. Therefore, our conclusions drawn
from the data analyses will require a caveat tlohtali of the videos were completely viewed by all
participants at each step of the experiment.

Example study time and time-to-solution

The amount of time dedicated to studying the examgid not differ between conditiort¥3, 100) =
.31, p = .82. Likewise, the amount of time taken to sottie problems did not differ between
conditions,F(3, 100) = .81p = .49. The lack of difference in both the timestody and the time-to-
solution argues against a time-on-task interp@tadi the results.

Normalized assistance score

A normalized assistance scosmas used as our dependent measure to gauge tlaetimop the
experimental conditions on learning. The normaliasdistance score was defined as the sum of the
help requests and errors per problem, divided byntimber of entries made in solving that problem.
That is, we count the amount of assistance studentive (summing help requests and immediate
feedback on errors) normalized by the number ofodppities for such assistance. Thus, lower
assistance scores indicate that the student desiwatution while making fewer mistakes and getting
less help, and thus demonstrating better perforemnand understanding.

Normal learning

Problems solved during the experimental session

As a measure of normal learning (as opposed tostolarning, which was defined earlier),
normalized assistance scores were averaged overduals for all three problems in the training set
(seeFig. 1). Notice that the y-axis in this figure is invatt'om the customary display, so that higher
bars represerntess learning. The bars are ordered left-to-right itaad to the predictions of the
Generation hypothesis (see top portiorralble J. If the Generation hypothesis holds, then thes bar
should get shorter as they move rightward. Theiptieds for the Coverage hypothesis are listed in
the bottom portion offable 1 If the Coverage hypothesis holds, then the hgightthe two middle
bars should be reversed. To test these hypothésestisally, contrast-coded predictors (found in
parentheses) were created and tested as singleedefjfreedom, planned comparisons within the
overall repeated-measures ANOVA.



Table 1
The predictions and contrast codes for the twd hiyaotheses.

Generation Hypothesis P- < P-complete < SE- = SE-
incomplete incomplete complete
Contrast Codes (-4) (-2) 3 3
Coverage Hypothesis P- < SE- < P- < SE-
incomplete incomplete complete
complete
Contrast Codes (-4) (-2) 3 3

The pattern of means for the normalized assistaooees is consistent with the predictions of the
Generation hypothesis (sEwg. 1). A repeated-measures ANOVA confirmed that theially apparent
difference between the P-incomplete and P-commetelitions were higher than the SE-incomplete
and SE-complete conditions. This relationship wasstically reliable with a medium effect siZg(1,

73) =6.17p=.02,n,° = .078°

Z Partial eta squared7;(2) is an effect-size measure, which is equivaleri®tor the variance accounted for by
the predictor variable. Traditional interpretatiasfspartial eta squared are as follows: >.2 isrgdaeffect size;
>.1 is a medium effect size; >.05 is a small efiéze (Cohen, 1988).
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Fig. 1.Mean normalized assistance scores (z standard ecolapsing across the three training problems.

Andes help usage: Next-step help and bottom-out hints

As stated in a previous section (see Material3),pthe Andes tutoring system offers several déféer
types and levels of help. For instance, when a issencertain as to which step to take next, she is
then able to ask Andes for a hint (i.e., next-stelp). Thus, next-step help requests are a meas$ure
the students’ confusion or uncertainty during peoblsolving. To assess the extent to which students
relied on the next-step help, we counted the tatalber of next-step hint requests and divided by th
number of entries made per problem (i.e., the fiaitg).

The pattern of results was consistent with the @sima hypothesis (sekig. 2). To test the
reliability of this pattern, an repeated-measureOM¥\ confirmed that the SE-complete and SE-
incomplete were equal to each other, but requestidbly fewer next-step hints per entry than bafth
the paraphrase conditiori§1, 73) = 8.70p = .004,/7p2 =.11.
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Fig. 2. Mean next-step hint rate (+ standard emarpss the three training problems.

Once a student has asked for help on a step, uklerdgtcan then proceed to ask for hints until
Andes tells the user directly what to enter. Thit hint will be referred to astettom-out hintNote
that both next-step help and what’s wrong helpudel bottom-out hints. There was a reliable main
effect of study strategy on bottom-out help usageich collapsed across both types of hints (i.e.,
what's wrong and next-step help). The studentshm P-complete and P-incomplete conditions
requested marginally more bottom-out hints tharsthidents in the self-explain conditioRg1, 73) =

5.47,p=.02,77,° = .07 (seeig. 3).
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Fig. 3. The mean (xSE) frequency of the bottom}ont rate per experimental condition.

Again, this pattern of results was more consisteith the Generation hypothesis than the
Coverage hypothesis. Furthermore, the results filoennext-step help and bottom-out help usage
replicates a finding reported in Catrambone ands#@u006). They found evidence that participants
who were in the “active learning” condition (i.¢hose asked to self-explain examples) asked for
fewer hints than the students in the “passive lagfrcondition (i.e., those asked to study examiples

Robust lear ning

Far transfer and retention

On an average of 29 days after the completion efetkperiment, the students were administered an
exam that covered a subset of the material fronedperiment. One exam question was similar to one
of the problems used in the experiment (see “PRCQB®I “Chapter Exam” from Appendix A). The
exam question is considered a far-transfer asse¢stam because the problems from the training set
were in one dimension, while the exam problem idetlmotion in two dimensions. Thus, the chapter
exam question served as both a far-transfer aseessmd a retention test.

To analyze the effect of the experimental cond#ti@m exam performance, an ANOVA was
conducted on the midterm exam question, and thee seas expressed as a percentage of the total
possible points (20 point). Unfortunately, not gvsection in the experiment used Andes throughout
the duration of the semester. Because Andes is kniowaffect learning (VanLehn et al, 2005),
analyses of exam scores were restricted to the thue of the five sectiondN(= 63 participants) that
used Andes.

Activity and problem type were entered as betwedexts variables. The results were
consistent with neither the Generatiox;pz(: .036) nor the Coveragenpf = .001) hypotheses.



However, a Fischer's least significant differenc8) post-hoc analyses revealed a trend with the
SE-complete groupM = 90.83,SD = 9.96) demonstrating a marginally higher scoretanchapter
exam question than the P-complete grddp=(73.00,SD= 22.51), (LSDp = 0.06,/7p2 =.08).

A second measure of retention was the studentdbnmeance on an isomorphic homework
problem that was completed well after the traingggsion (see “Homework: Exam isomorph” in
Appendix A). Although some students complete theimework by the date it is due, others do their
homework later, typically just before an exam. Tihigvides an opportunity for LearnLab researchers
to measure the students’ performance on the honketeans at different points in the semester, albeit
knowing that students self-selected when they wdoltheir homework.

We analyzed the students’ performance on a homewoklem that was isomorphic to the
chapter exam, in the sense that they shared aticaledeep structure (i.e., both analyzed the nmotio
of a charged particle moving in two dimensions e #@pendix A). The homework problem was
solved after the training session. There was #sstally reliable effect and a medium to largeeetf
size favoring the Generation hypothesis (Bige4). The SE-incomplete and SE-complete conditions
demonstrated lower normalized assistance scoreshibidn of the paraphrase conditioRgl, 27) =
4.81,p= .04,/7,)2 = .15. This pattern of results replicates andngfileens the finding from the chapter
exam.
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Fig. 4. Mean normalized assistance scores (+ stdrateor) for an isomorphic homework problem.

Accelerated future learning

To assess the acceleration of future learningclhiagter on magnetism was selected because some of
its concepts overlap those of the electrodynamlwapter. For example, both include a charged
particle, a force, and a field (either magneticetarctric). A deep understanding of electrodynamics
might accelerate students’ learning of magnetism.



There were significant differences between expamtaleconditions on the magnetism homework
problem that was most similar to the electrodynanpeooblems (se€ig. 5). The pattern of data
supported the Generation hypothesis. The studentiel P-complete and P-incomplete conditions
demonstrated higher normalized assistance scoras the SE-complete and SE-incomplete
conditionsF(1, 46) = 3.70p = .06,/7,32 =.075. Once again, this pattern of results wagemonsistent
with the Generation hypothesis than the Coveragethesis.
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Fig. 5. Mean normalized assistance scores (+ stdreteor) for a homework problem on magnetism.

K nowledge component analysis

To obtain a finer-grained analysis of learning otrere, we focused on knowledge components that
occurred in all three problemg=our knowledge components met this criterion, Whicluded: KC1:
applying the definition of the electric fieldF & gE); KC2: drawing an electric-field (E-field) vector;
KC3: drawing an electric-force vector; and KC4:idefg the charge on a particle. The most important
knowledge component was applying the definitiothef electric field (KC1) because it was the main
principle taught in the chapter on electric fielt®wever, not every student was able to compldte al
three problems. Therefore, the data were restricidlose who applied the knowledge components
across all three problems.

To measure performance on each of these knowleslgpanents, we used a repeated-measures
ANOVA on the assistance scores for each of the knowledge components across the three
problems. Opportunity was entered as the repeatgkin-subjects factor, and the contrast between

® The data from this experiment can be accessed fhenPittsburgh Science of Learning Center DataShop
which can be found here: https://learnlab.web.cow/datashop/



the P-complete and SE-incomplete was evaluatedcht level of Opportunity. In order to simplify the
analysis, we compared only these two conditionsabee they are the ones where the Generation
hypothesis and the Content hypothesis make diffgneictions.

KC1. Applying the definition of the electric field

For the most important knowledge component, KC#, dsistance score decreased for all of the
experimental conditions (Hotelling’s trade2, 29) = 5.26p = .01). Moreover, the assistance score,
as a function of opportunity, differed between dbods (seeFig. 6). Collapsing across opportunities,
there was a reliable difference between the P-ceta@nd SE-incomplete conditiofg]l, 30) = 4.40,

p= .05,/7p2 = .13. The difference between conditions was lgrdeven by a reliable difference for
the second opportunit§(1, 30) = 14.32p = .001,/7p2 = .32. This pattern of results replicated the
normalized assistance scores findings reportedegashich were measured at the level of the
experimental session (i.e., collapsing across kedgé componentand opportunities). The findings

at this fine-grain size were also consistent whith Generation hypothesis.

KC1 = Apply Def. of Electric Field
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Fig. 6. Assistance score per opportunity to appBiKthe definition of an electric field.



KC2. Drawing the electric force vector

The pattern of results for the second knowledge pmorent (i.e., KC2Drawing an electric-force
vector) was slightly different (seig. 7). Unfortunately, there was no evidence that trestmnce
scores decreased over time (Hotelling’s trd&g@, 54) = .47p = .63). However, similar to KC1, the
assistance score differed between conditions wieefonmance was collapsed across opportunities
(seeFig. 6). There was a marginal difference between therRptete and SE-incomplete conditions
(F(1,55)=3.31p= .07,/7,)2 = .06), and the difference was largely driven bylable difference for
the first opportunityF(1, 55) = 4.40p = .04,/7,)2 = .07. This was also consistent with the Genematio
hypothesis.

KC2 = Draw Electric Force Vector
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Fig. 7. Assistance score per opportunity to appB2Kdrawing the electric-force vector.

KC3. Drawing an electric-field vector

A similar main effect was found for drawing the cttec-field vector. There was a strong within-
subjects effect of time, with students in all cdiwdis becoming increasingly competent over time



(Hotelling'’s trace;F(2, 72) = 26.57p < .001,/7,32 = .43; sedFig. 8). This is a marked contrast with
KC2, drawing an electric force vector, where tharméng curves were more flat. Both knowledge
components involve drawing a vector, which is a plex act that requires filling out a multi-entry
dialogue box. However, the different shapes ofrtherning curves may differ due to the fact that
drawing a mechanical force vector (e.g., gravignsion, and friction) is familiar to these students
whereas drawing a field vector is a more novel ephc

The difference between conditions was consistetit thie previous two knowledge components.
The assistance score differed between the P-coenpdetd SE-incomplete conditions when
performance was collapsed across opportunifi€s, (73) = 4.82p = .03,/7,32 = .06; secFig. 6). The
difference was largely driven by a reliable difigce for the first opportunityf(1, 73) = 7.80p =
.007, /7p2 = .10. Again, the difference between the P-corepbatd SE-incomplete conditions was
consistent with the Generation hypothesis.

KC3 = Draw Electric Field Vector
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Fig. 8. Assistance score per opportunity to appBBKdrawing an electric-field vector.

KCA4. Defining the charge on a particle

Finally, for the last knowledge component, definthg charge on a particle, there were no reliable
differences between conditions (B8 < 1). The assistance scores were, however, lfmnéfC4 than
the average assistance score for all the other RQs32) = 76.59p < 0.001,/7p2 =.70.



The reason why this knowledge component was urtafieby the experimental manipulations
was because the students were committing very feavse even on the first opportunityi(= .59,SD
= .17). Defining the charge on a particle is exegneasy because all of the information is given in
the problem statement. Therefore, there is litepsse why there was a large effect between
knowledge components, yet no differences betwepararental conditions.

Analysis of classroom verbal data

To better understand the results, an analysis efvidrbal protocols was undertaken. While the
students studied the worked-out examples, they asked to either self-explain or paraphrase the
content of the instructional materials. As stateglvipusly, every student was outfitted with a close

talk, noise-canceling microphone so that their abrations could be recorded, transcribed, and
coded. The data were coded according to the progedilined in Chi (1997).

Data selection

Because of the volume of data that verbal protogelserate, we reduced the data to only those
students who watched all the video-based exampidsfacused on only the verbalizations that

occurred during the example-studying phase of tkgement. That is, we did not analyze the

verbalizations made while solving the problems.tR&sg our analyses to these data, 994 episodes
were hand-coded, which constituted approximateiitgpercent of the overall sample (994 / 12,749 =
7.80%).

Segmentation and coding scheme

The data were segmented according to idea unitshwbughly correspond to individual sentences.
Coding was conducted in three passes through ttalvéata (see Fig. 9). Within studying examples,
the talk was coded as either self-explanationor paraphrase (Pass 1). Self-explanations and
paraphrases were decomposed by their topic (Pa$3n2) topic was theser interface The Andes
user interface is nontrivial, and both the vidend the students sometimes discuss how to use it. In
contrast, students’ talk was coded as reflectiogtentwhen it was directly tied to the instructional
content either as a part of the student’s priokkadge, or embedded in the video-based example.
Finally, self-explanations were further categorizesl being eithemeta-cognitiveor justification-
based (Pass 3). The purpose for the final coding categeas to explore differences between
conditions that might be due to the meta-cognitik@mpts used in the self-explanation condition (see
Appendix C).
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Fig. 9. The coding scheme used to categorize studtsmances while studying examples.

For the first pass (Pass 1), the coding scheme tsedollowing four criteria to distinguish self-
explanations from paraphrases (see Table 2). Hirsthe segment’s content went beyond the
information presented in the current step of theked-out problem, it was coded as self-explanation.
Second, segments with meta-cognitive comments alececounted as a self-explanation. Third, if the
student raised a question during the segment ponse to the content of the step, the segment was
coded as self-explanation. Finally, the segment egaed as a self-explanation if the student made
some integrative statement with either their pdomain-relevant knowledge or previously presented
material. Finally, if none of the above criteriaresenet, and the statement merely repeated what was

in the example, then the segment was codedpasagphrase




Table 2
The definitions and examples for the third levetofling.

Code

Definition Example

Self-explanation
(user-interface)

Self-explanation
(content)

Paraphrase

(user-interface)

Paraphrase

(content)

A meta-cognitive statement or So he just put 'E' out in the middle of
justification that goes beyond the nowhere. That's interesting. | guess it
information provided in the example really kind of doesn't really matter. |
that deals with the interface. don't know. Huh.

A meta-cognitive statement or I have no earthly idea what goes...
justification of the physics content.  what's going on with Andes right at this
point. So, I'm still a little confused.

A restatement of the example step tha&o, | read the problem and assign a

deals primarily with how to variable, which is 'P." Click on the little
accomplish an action in the user dot in the left-hand corner. Drag it
interface. down, left click, a box comes up. You

select particle, click 'OK.'

A restatement of the physics content. 'F' equals''and solve for 'F.' Force
is defined on the body... uh... the same
direction that 'E' is.

Coding-schemeresults

The results for the coding scheme are presentd#ttinext three sections, corresponding to eacheof t
three passes through the data. For each passghksrare reported in a table that summarizes the
descriptive statistics using the proportions ofheaode? On the other hand, to test for differences

* For example, the 994 segments that comprise the afaLevel 1 (seefable 3, bottom row) were first
partitioned according to condition (e.g., there ev23 segments in the P-complete condition;Tseé 3, top
row) and then the counts for each code in that itiondwere divided by the total number of segmentshat

condition.



between experimental conditions, the amount ofl ttd(k was controlled statistically using an
ANCOVA. The reason for reporting the results aspprtions in tabular formats is because they are
easier to interpret than the estimated marginahsméaat are generated by the ANCOVA.

Pass 1: Paraphrasing vs. Self-explainihig an effort to detect if the experimental maraion
had its intended effects, the average numbeparhphraseand self-explanationsegments were
contrasted for each of the four conditions. A pgust- analysis revealed that the SE-incomplete
condition produced more self-explanation segméraa both the P-incomplete (LSPp= .05) and P-
complete (LSDp < .03) conditions (see Table 3). This suggeststtiea SE vs. P manipulation was
successful.

Moreover, the SE-complete condition produced maillyinmore paraphrases than the SE-
incomplete conditionF(1, 73) = 3.38p = 0.07. This suggests that students in both SEitons
articulated justifications of steps as intended, lrcause those justifications were mentioned én th
complete examples, such articulations were couasepgaraphrases for the SE-complete students and
as self-explanations for the SE-incomplete studdriis is consistent with the intended effect & th
complete vs. incomplete manipulation. In short, Bess 1 coding suggests that both experimental
manipulations were operating as intended.

Table 3
The mean number of paraphrases and self-explanapisodes for each experimental condition.

n Paraphrase Self-explanation

P-Incomplete 23 165/213=04748/213=0.23
P-Complete 26 2441321 =04677/321=0.24
SE-Incomplete 28 125/219=0.57 94/219=0.43
SE-Complete 27 180/241=0.75 61/241=0.25

Total 104 714/994=0.72 280/994=0.28

Note Means in columns with different subscripts diffeliably atp < .05 by Fisher’s least significant
difference test.



Pass 2: User-interface vs. ConteRor the second pass through the verbal data, Ipa@sgs and
self-explanations were partitioned iniser-interfacevs. contentstatements. There were two reliable
effects. First, a post-hoc analysis revealed that $E-incomplete condition produced more user-
interface self-explanation segments than both tire®mplete (LSDp < .04) and P-complete (LSD:

p = .003) conditions (see Table 4). If details o tiser interface are easily overlooked, which seems
likely, then asking students to self-explain mayndrthe user-interface details to the students’
attention, whereas asking students to paraphrageatancrease the salience of such details.

Second, across all conditions, there were numetent self-explanations thanoser interfaceself-
explanations (250 vs. 30). This suggests thatoagth the Andes user interface is nontrivial, the
physics content was even more challenging. Thipate our assumption that students are mostly
learning physics in this experiment, and that ustHface learning was a minor source of variance.

Table 4
The mean number of user interface and content peagps and self-explanation episodes
for each experimental condition.

SE SE Paraphrase Paraphrase

n User Interface Content User Interface Content

P-Incomplete 23 5/48=040 43/48=090 66/165=0.40 99/165=0.60
P-Complete 26 4/77=005 73/77=095 69/244=0.28 175/244=0.72
SE-Incomplete 28 15/94=0.16 79/94=0.84 50/125=040 75/125=0.60
SE-Complete 27 6/61=0.10 55/61=0.90 750/48.42 105/180=0.58

Total 104 30/280=0.11 250/280=0.89 260/714360.454/714 =0.64

Note Means with different subscripts differ reliablypa< .05 by Fisher’s least significant difference
test.

Pass 3: Meta-cognitive vs. Justification-basgdr the final pass through the data, only thé sel
explanations segments were decomposed and codeeliras either meta-cognitive or justification-
based (see Table 5). There were a total of 86figation episodes and 194 meta-cognitive episodes
across the four conditions. A post-hoc analysieadéed that the SE-incomplete condition produced
more justification-based self-explanation episadiies the P-complete (LS[R:= .02) and marginally
more than the P-incomplete (LSP:= .11) conditions. This suggests that the studenthie SE-
incomplete were in fact actively trying to fill ithe missing information from the examples, as we
intended that they should. The SE-incomplete gralgp produced more justification-based self-
explanations segments than the SE-complete gro8P:(b = .02). In short, these results suggest
again that the students’ verbalizations are cassiswith the activities that they were requested to
perform.



Table 5
The mean meta-cognitive and justification-basefiesgdlanation episodes that
focused on user-interface elements.

SE- SE-

n  Justification Meta-cognitive

P-Incomplete 23 17/86=.198 31/194=.160
P-Complete 26 23/86=.267 54/194=.278
SE-Incomplete 28 34/86 =.395 60/194 =.309

SE-Complete 27 12/86=.140 49/194 =.253

Total 104 86/86=1.00 194/194=1.00

None of the pair-wise contrasts were statisticadliable for the meta-cognitive self-explanations.
However, the overall results from the third pake (fTotal” line of Table 5) suggest that the foafis
most self-explanations was targeted more towaragmegnitive reflections of one’s current state of
understanding and comprehension (194 episodes) fiienyg in the missing justifications (86
episodes). This makes sense because mentioninficaigins was suppressed in one condition (P-
incomplete) and counted as paraphrasing in twoitond (SE-complete and P-complete).

Coding scheme summary

The pattern of results for the verbal protocolsgasgs a few conclusions. First, it may have beeremo
challenging to self-explain than paraphrase theerradt If we collapse across experimental condgjon
we find that the average number of paraphrase saigrfd = 6.87,SD = 8.50) is higher than the
average number of self-explanation segmeiits:(2.69,SD = 5.19). It may be that the instructions to
self-explain were too difficult or that paraphragis the first step toward producing high qualigyfs
explanations.

Second, when students successfully self-explaittesd focus of their statements was targeted
toward physics content. This was encouraging becsoie students were new to the Andes interface.
Given that most self-explanation segments were taheucontent may be one of the reasons why they
performed well on the problem-solving tasks (dhg, training set, homework problems, and the exam
question).



DISCUSSION

Self-explanation can be viewed both as a process (he activity of generation) and as an outcome
(i.e., new content). Although many believe thatv&ctearning strategies, such as self-explanation,
necessarily increase learning from worked-out exas@ confound is introduced for self-explanation
in that it makes students aware of content thaiotscontained in the original example. In order to
tease apart these two explanations, we definechjotheses. The Generation hypothesis claims that
generating content makes is better understood astereto recall than comprehending it. The
Coverage hypothesis claims that generation vs. cemgmsion makes no difference; the benefits of
self-explanation are due to increasing the corggperienced by self-explainers compared to non-self
explainers.

To test these hypotheses, we had students to engage different learning strategies. The first
was self-explaining, which is a classic active hiag strategy. The second was paraphrasing, which
might also be considered an active learning styabegause the student is at least attempting to put
into his or her own words the content of the examMet paraphrasing, by definition, does not
produce any new content.

Orthogonal to the learning strategy, we manipulateel content of what was studied. The
examples that the students studied were either ledefp or incompletely justified. The completely
justified examples articulated the reasons forngkeach problem-solving step. The incompletely
justified examples, on the other hand, omittedribeessary reasons for the step and merely explained
the mechanics of taking the step in the learningrenment (i.e., Andes).

Ideally, students who paraphrased complete examghetild experience the same set of
justifications as the students who self-explaimambmplete examples. Thus, these two groups would
become aware of the same content, but one would bamerated it while the other would have
comprehended it. If the Coverage hypothesis hdlisn these two groups should have the same
learning gains. If the Generation hypothesis hotden the students who self-explain incomplete
examples should learn more than the students witaplpease complete examples.

The results were remarkably consistent across tam gizes of analysis (i.e., problem-set vs.
knowledge-component), across situations (i.e., exgatal session, homework, and exams), across
assessments (i.e., near transfer, far transfer, amoélerated future learning topics), and across
dependent measures (i.e., normalized assistancessa@rors, and help usage). The results usually
supported the Generation hypothesis. Studentseiexperimental condition who were instructed and
prompted to self-explain while studying the exaraplemonstrated lower errors and requested fewer
hints than the students who merely paraphraseéhfoemation. This suggests that generation is an
important feature of self-explaining. In particylatudents who paraphrased completely justified
examples didhot learn more than students who self-explained indetaly justified examples, which
would occur if the Coverage hypothesis were truk smwere certain plausible assumptions about the
relative frequency of paraphrasing and self-exjphgiisee the Introduction).

Limitations of the study

There are a few limitations to the current studystFstudents were not required to watch evermé&a

of every video, and only about a third of them slid Perhaps this occurred because the new content
tended to occur at the beginning of the set of addeso some students stopped watching when the
content became familiar. Another reason might be tuthe students’ preferred method of learning.



For instance, some students may prefer to try bl@nothemselves first. That is, they prefer tortear
on their own and from their own mistakes. Altermelly, other students prefer to attempt to solve a
problem only after they have observed a worked @kanThe materials were structured such that the
examples came after the problems were solved. Tiag have violated their traditional study
methods.

The prompts given to the students were meta-caogniti nature, and did not explicitly remind
students to produce justifications for steps. Thwepts were selected from Chi et al. (1994) because
they successfully induced self-explanation of aldgg text. The prompts mainly focused on the
reflection of knowledge, instead of the productarjustifications. In a follow-up study, we plan to
contrast meta-cognitive prompts with justificatiprompts in order to investigate if they produce
different behaviors.

Finally, one qualification should be made with mdpto the completeness manipulation. The
students could flesh out the incompletely justifeehmples by using the help system during problem
solving. That is, Andes presents the hints in @egafashion. The first hint is supposed to serva as
reminder for which step to apply. If the studeriksafor a second hint on the same step, it provédes
reason for taking the step. The last hint in thepusace directly tells the student which actionatcet
Therefore, the second-level of help may have wastdour completeness manipulation. This
possibility will be the focus of future analyses.

Conclusions

The results of the current experiment were remdykaonsistent across problems, time, and
granularity. The evidence favors the Generatiomohygsis, which states that the robust learning that
results from self-explanation is largely due to Hutive generation of the missing information ie th
form of justifications for the application of eaploblem-solving step. These results suggest that ne
learning technologies should be designed to engeurstudents to actively generate missing
information.
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APPENDIX A

Electrodynamics problem statements used for prolaring, example studying, homework and an

in-class chapter exam.

Problem | Activity Problem Statement Principle

Practice SOLVE| A charged patrticle is in a regioreveithere is an electricF.= gE
field E of magnitude 17.8 V/m at an angle of 37rdeg
above the positive x-axis. If the charge on thdigaris
3.4 C, find the magnitude of the force on the phatP
due to the electric field E.

EX1 STUDY | A charged particle is in a region whetere is an electric F.= gE
field E of magnitude 14.3 V/m at an angle of 22rdeg
above the positive x-axis. If the charge on theigaris -
7.9 C, find the magnitude of the force on the phatP
due to the electric field E.

PROB1 SOLVE| An electron (ge =-1.60e-19 C; me 468-31 kg) isina| Fe=qE
region where there is a uniform electric field BeTforce
on the electron due to the electric field exactipaels its| ™= mg
weight near the Earth's surface. If the y-compooétite F.+F,=0
net force on the particle near Earth due to thetiete
field and gravity is zero, what is the magnituded(a
show the direction) of the electric field E?

EX2 STUDY | A charged particle (g = 52.0 mC) is iregion where Fe=qE
there is a uniform electric field E of magnituded1¥/C
at an angle of 90 degrees above the positive x-Hxise Fw=mg
y-component of the net force on the particle neatte F.+F,=0
due to the electric field and gravity is zero, wisahe
mass of the particle?

PROB2 SOLVE| An electron (ge =-1.60e-19 C; me 48-31 kg) isina| Fe=0E
region, between two parallel charged plates, thadyrce c

e=ma

a uniform electric field E of magnitude 2.0e+4 Ni®e
separation between the plates is 1.5 cm. The electr
undergoes a constant acceleration from rest near th
negative plate and passes through a tiny holeein th
positive plate (see Figure below). Find the velpoitthe
electron as it leaves the hole. In this problerayiy can
be ignored.

V;]_2 = Vo2 + 2ad




EX3 STUDY | A proton (gp = 1.6e-19 C; mp = 1.7e-27 igin a Fe=qE
region where there is a uniform electric field E of
magnitude 320 N/C, directed along the positive is.ax Fe=ma
The proton accelerates from rest and reaches d spee v = v + 2ad
1.20e+5 m/s. How long does it take the proton &che
this speed? In this problem, gravity can be ignored

PROB3 SOLVE| An electron (ge =-1.60e-19 C; me 46-31 kg) isina| Fe=qE
region where there is a uniform electric field E of
magnitude 4.0e-12 N/C, directed along the negative Fw=mg
axis. The electron is moving in the positive y-dtien at Fo+ Fy=mg
an initial velocity of 4.3 m/s. How far will theedtron
travel before it comes to rest? In this problereapk viZ = vy + 2ad
include gravity.

Chapter SOLVE | An electron enters a region of space whegeséttor Fe=qE

Exam electric field is E = (2i + 3j)x 1074 N/C. If thaitial

_ velocity of the electron when it entered the fielads VO Fe=ma

Question = 4x10"6i m/s what is its velocity 6E-6s after eitg | | _ ,
the field? e

Homework:| SOLVE | A fully ionized alpha particle with a charge3.2 E-19 C| F.=qE
and a mass of 6.64 E-27 kg is initially movinglie tx

Exam direction with a velocity of 1.5 E3 m/s. The paic Fe=ma

isomorph enters a region where there is a uniform elecieldin | _
the positive y direction with a magnitude of 2.5 &Z. Lo
What will be the velocity of the particle aftehias
moved 0.5 m in the x direction?

Homework:| SOLVE | A particle with a charge of -3.2e-6 C enterggion with | Fg =vqB

_ a velocity given by v = (56 m/s) i. The uniform nme&gic

Magnetism field in the region is given by B = -(0.15 T) k,cathere | Fe* Fe=0

is a uniform electric field pointing downward ireth Fo=qE

vertical direction. If the particle is to keep miogiin a
straight line, what must be the magnitude of tieeteic
field?




APPENDIX B

A screenshot of the Andes Physics Tutor

_ﬁ. AMDES Physics Workbench - [fordc-Solution fbd] alala]
%
HEHXS L= ® B »?-3e
® | A charged particle is in a region where there is an Vaiiables
R ;;e:lztric fieldlI]E of mhagnitu_d_e 14.39+.3 Nif]?l?t allll angle of Marme Definition Dir X-Comp
egrees ahove the positive x-axis. If the charge To He i OenicD

F' | on the particle is 7.9e 6 C, find the magnitude of the %x axTSIHS SIRIEREE acmcr

]| foteeton the peniEle due toithe el Cetric fald L WE magnitude of the Electric Field at region due to Unspecified BE=22 Ex

¥

E’ Answer: K Fe magnitude of tlj1e Electric Force on particle at time TO due to Uk, BFe=22" Fe_x

ﬁ' o q=-7Se-60C charge on particle

= Flag Feedback

E’ i [ = -

E’ k. - . J >
=

— 5

T e - Equation Cheat Sheet =

” /E ﬂ 1. (E=143=3N/C

L Fe!

+X 2.
particle = Andes Cheat Sheet e
&
@ What do you want to do? More help on selection...

Bottom-out Hint
T: The electric field vecto
direction as the electric force experience
positive charge, or in the opposite directi
negative charge.
Explain further OK
T: Because the charge of the particle is negative,
use the force drawing tool [labeled F] to draw the
electric force on the particle due to an unspecified
agent in the opposite direction as the electric field
at that location, namely 202 degrees.
0K

For Help, press F1

— Electricity and Magmetism

0 = N*q charged particles

F = kelec®ahs (ql¥g2) fr2 Coulowb's law (magnitude)

F x = (kelec*ql*gi r™Z) * r_x/r Coulowb's law (x component)
F v = (kelec*ql*g2sr*2) * r ¥/t Coulomb's law (¥ component)

Fux=
Fy=
E=k

Ex =
Evy-=

Enet x =

Frnet s = Fl v 4 F2 w4

q*E_w electric field
q*E_v electric field
elec*abs (q) fr*2 point charge field (magmitude)
(kelec¥gq/r*2) # r x/r
(kelec¥gfr™Z) * r_w/r
El x + E2 x + ...

point charge field (X component)

e

D

-

000502 SCORE: 34



APPENDIX C

Self-explanation and paraphrase instructions aadteies
Self-explanation I nstructions

In this experiment, we would like you to study af@orked-out examples. The examples are
presented one step at a time so that you will hiave to really think about what information
each step provides and how this relates to whavgalready seen.

We would like you to watch and listen to each steg then explain what it means to you.
That is:

= What new information does each step provide for?you

= How does it relate to what you've already seen?

= Does it give you a new insight into your understagaf how to solve the problems?
= Does it raise a question in your mind?

Tell us whatever is going through your mind - eiffahseems unimportant.

Self-explanation Example

In this case, a hypothetical student is studying tmsolve a statics problem. The example
reads: "Consider the knot at the junction of threerstrings to be 'the body™ and is
accompanied by the following diagram:



30° 45°

(a)

F4
Fg

300 45

®) Y Fc

At first, this confuses the student
because she initially thought that the
block should be the body. She says:

"l thought the block would be the
body. The weight force is acting
down and the strings are pulling up.
Oh | seethe sum of the forces is zero
at the knotthat's why it should be the
body."

The student in this example provides
a reason oexplanation for choosing
the knot. This is the essence of self-
explaining.



Paraphrase Instructions

In this experiment, we would like you to study af@orked-out examples. The examples are
presented one step at a time so that you will hiave to really think about what information
each step provides and how this relates to whavgalready seen.

We would like you to watch and listen to each sta@ then paraphrase what it means in your
own words. That is:

= How can | put this in my own words?
= How can | say this in a different way?

= |n other words:

= What's another way that | could put this?

Tell us whatever is going through your mind - eifeahseems unimportant.

Paraphrase Example

In this case, a hypothetical student is studying tesolve a statics problem. The example
reads: "Consider the knot at the junction of tlreatstrings to be 'the body™ and is
accompanied by the following diagram:



30° 45°

(a)

F4
Fg

300 45

®) Y Fc

The student tries to restate that the
knot should be the body. She says:

"The knot would be the body. Itis in
the middle of the three strings."

The student in this example restates
the reasoning for choosing the knot.
This is the essence of paraphrasing.



APPENDIX D

Completely-justified and Incompletely-justified Erples

The completely justifications are in bold, which reeeomitted from the incompletely justified
examples. This appendix only includes the first (fofee) examples that were presented to the
students.

This is example number one.

We are going to start by reading the problem statgm

A charged patrticle is in a region where there iglaatric field E of magnitude 14.3 V/m at an angfle
22 degrees above the positive x-axis. If the chargthe particle is -7.9 C, find the magnitudehsf t
force on the particle P due to the electric field E

The first step in solving this problem is to choadmody. In this case the body of interest is therged
particle. To draw the body, we select the Body Tool fromEi@gram Toolbar, place the cursor in a
convenient position in the Diagram Window and t&itk. This brings up a dialog box in which we
select our bodywe choose the charged particle because both of the forces mentioned in the
problem affect the particle. Next, we assign it a name. In this case, we 8#l tp” to refer to the
particle.

[ PROMPT ]

The second step is to draw a coordinate systendraw the axis, we select the Axis Tool from the
Diagram Toolbar and we click and drag. This bringsa dialog box in which we select the Orientation
of our axis. In this case, we will use a zero degnéentationWe choose an un-rotated axis because

all of themotion isgoing to be straight up and down.

[ PROMPT ]



For the next few steps, we are going to enter tiakas and then the vector givens mentioned in the
problem statement. The only scalar given is thegdhan the particleTo assign a charge on the
particle, we right-click in the Variable Window ardlect “Add new variable”. This brings up a
submenu with several optiorBBecause we ar e defining the char ge on the particle, we select
“charge.” This brings up a dialog box. Here we sille body on which the charge is located. In this
case, the charge is on the particle, and we useetiaellt name, “q” as the name for the charge. e a
know the value because it is mentioned in the grotdtatement, so we enter that in the next field [
paste: -7.9C ].

[ PROMPT ]

The next given is the magnitude and direction efdlectric field An electric field is a vector, so we
need to indicate the direction in the free-bodycha. To draw the electric field, select the Eliectr
Field tool from the vector tools in Diagram toolpand we place the cursor in the diagram window,
click and drag. This brings up a dialog box. Thex#ic field is in a region and it is due to some
unspecified sourcet is unspecified because the source of the electric field is not mentioned in the
problem statement. The field is acting at only one time point, and groblem statement says that the
orientation is 22 degrees in the plane. We will theedefault name “E” to refer to the electric dieWe
also know the magnitude, so we can assigned §igg it in the Equation Window [ paste:
E=14.3N/C]

[ PROMPT ]

Now that all the given information has been entewaineed to apply our knowledge of physics to
solve the problem.

One way to start is to ask ourselves, “What quargithe problem seeking?” In this case, the anssver
the magnitude of the force on the particle duénéodlectric field.

We know that there is an electric fielfithereisan eectric field, and thereisa charged particle
located in that region, then we can infer that thereisan electric force on the particle. The
direction of the electric forceisin the opposite direction asthe dectric field because the charge
on the particleis negative.




We use the Force tool from the vector tool barremdthe electric force. This brings up a dialog box
The force is on the particle and it is due to saimgpecified source. We do know, however, that the
type of force is electric, so we choose “electfiogm the pull-down menu. For the orientation, weahe
to add 180 degrees to 22 degrees to get a fortéstimea direction that is opposite of the direntof
the electric field. Therefore we put 202 degrea@salfy, we use “Fe” to designate this as an electri
force.

[ PROMPT ]

Now that the direction of the electric force hasibédicated, we can work on finding the magnitude.
We must choose a principle that relates the magnitude of the electric for ce to the strength of the
electricfield, and the charge on the particle. The definition of an electric field is only equation

that relatesthese thr ee variables. We write this equation, in the equation window.

[ PROMPT ]

Now that all of the equations have been entered;amesolve for the unknown. To do so, right click
anywhere in the equation window and select the lsioieg quantity. In this case, we’re solving foeth
electric force and Andes gives us a value so wecaaand paste the answer in the answer field. When
the answer turns green, we know that we have tewemcorrect.

That isthe conclusion of Example 1






