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Abstract Learning with multiple representations is usually employed in order to foster
understanding. However, it also imposes high demands on the learners and often does not
lead to the expected results, especially because the learners do not integrate the different
representations. Thus, it is necessary to support the learners’ self-explanation activity,
which concerns the integration and understanding of multiple representations. In the
present experiment, we employed multi-representational worked-out examples and tested
the effects of two types of self-explanation prompts as help procedures for integrating and
understanding multiple representations. The participants (N = 62) learned about proba-
bility theory under three conditions: (a) open self-explanation prompts, (b) self-explanation
prompts in an assistance-giving-assistance-withholding procedure (assisting self-explana-
tion prompts), or (c¢) no prompts (control group). Both types of self-explanation prompts
fostered procedural knowledge. This effect was mediated by self-explanations directed to
domain principles. Conceptual knowledge was particularly fostered by assisting self-
explanation prompts which was mediated by self-explanations on the rationale of a prin-
ciple. Thus, for enhancing high-quality self-explanations and both procedural knowledge
and conceptual understanding, we conclude that assisting self-explanation prompts should
be provided. We call this the assisting self-explanation prompt effect which refers to the
elicitation of high-quality self-explanations and the acquisition of deep understanding.
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Introduction

Multiple representations (e.g., arithmetical equations and diagrams, cf. Fig. 1) are com-
monly used in learning materials because they provide unique potentials in fostering
understanding. Often, however, multiple representations do not lead to the expected results
because the (weaker) learners are overwhelmed and do not integrate the information from
different representations (e.g., Moreno and Mayer 1999; Seufert 2003). Recently, Roy and
Chi (2005) suggested on the basis of a re-analysis of previous studies that self-explanations
are especially suited to foster learning when different representations have to be integrated.
This study takes up the assumption of Roy and Chi and analyzes the effects of self-
explanation prompts when learning from multiple representations. Furthermore, the
effectiveness of different kinds of instructional support for self-explaining are compared
(cf. Conati and VanLehn 2000). As learning material, we used worked examples from
probability in which we employed multi-representational solutions (for an example of a
multi-representational solution, see Fig. 1).

Learning with multiple representations

Why are multiple representations often employed in order to foster understanding? By
combining different representations with different properties, learners are not limited by
the strengths and weaknesses of one particular representation (cf. Ainsworth 2006; Ains-
worth et al. 2002). Furthermore, it is expected that if learners are provided with a rich
source of various representations from one domain, they build references across these
representations (Ainsworth 2006). In their cognitive flexibility theory, Spiro and Jehng
(1990) argue that the ability to construct and switch between multiple representations is

5. Example Task: Mountainbike Il
You and your friend take part in a two-day mountain bike course. Each day of the course the instructor brings along 5
helmets, each one of a different colour {orange, silver, brown, red, and green). The helmets are handed out
randomly and given back to the instructor at the end of the day.
What is the probability that you and your friend get the red and the green helmet on the first day of the course
(it does not matter who gets which colour)?

These were your answers:
It is without replacement.

The number of the possible outcomes
changes.

Why do you calculate the total
i iplying?

Eachofthe [ initial events
([~ helmets) can occur in combina-
tion with [ other events
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ob, or, ...} are included.
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Fig. 1 Screenshot of the learning environment of condition “Assisting self-explanation prompts”
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fundamental to successful learning. Mayer (2005) describes a theory of multi-media
learning, which states that learners acquire more procedural and conceptual knowledge
when they receive multiple representations.

A major problem in employing multiple representations for learning is that often the
expected learning outcomes do not occur (e.g., de Jong et al. 1998). Learners experience
difficulties particularly when relating the multiple representations to each other. Often they
only concentrate on one type of representation or fail to link different representations to each
other. As aresult, the expected positive effects that were intended by multiple representations
do not occur (e.g., Ainsworth et al. 1998). In sum, multiple representations offer unique
possibilities of fostering understanding, however, these positive effects often do not occur.

Self-explaining when learning with multiple representations

As already mentioned, Roy and Chi (2005) concluded on the basis of a review on prior
studies that self-explanations are especially suited to foster understanding when learning
with multiple representations. However, a direct empirical test of the helpfulness of self-
explanation for learning with multiple representations is missing.

Self-explanations are explanations that are provided by learners and are mainly directed
to themselves (Renkl 2005). They contain information that is not directly given in the
learning materials and that refer—in the case of worked examples—to solutions steps and
the reasons for them. Many studies have established the benefits of self-explaining with
respect to learning processes and learning outcomes specifically in example-based learning
(see Chi et al. 1989; Renkl 2005). Meanwhile, a self-explanation effect was also reported
for many other learning methods and across many domains, different ranges of age, and
learning contexts (Roy and Chi 2005). The role that self-explanation can play in multi-
representational understanding has also been considered (cf. Butcher 2006; Roy and Chi
2005). Aleven and Koedinger (2002) argue that self-explanations prove to be particularly
beneficial if they help to integrate visual and verbal knowledge. Self-explaining helps these
learners to strengthen their verbal declarative knowledge and integrate it with visual
knowledge (Ainsworth and Loizou 2003).

However, many learners do not spontaneously engage in effective self-explanation
activities (Renkl 1997). This deficit suggests that self-explaining has to be instructionally
supported (Renkl 2005).

Prompting self-explanations

Chi et al. (1994) found that spontaneous self-explanations were not as effective as self-
explanations that were enhanced by prompting (see also, e.g., Atkinson et al. 2003b;
Schworm and Renkl 2007). Prompts are requests that require the learners to process the to-
be-learned contents in a specific way (Renkl 2005). They elicit self-explanation activities
that the learners are capable of but do not implement unpremeditated (Pressley et al. 1992).

Learners benefit from self-explanation prompts provided by humans (Chi et al. 1994)
and by computers (Aleven and Koedinger 2002). Atkinson et al. (2003b) showed that
prompting principle-based self-explanations in a computer-based learning environment
that provided worked-out examples led to superior learning outcomes in terms of perfor-
mance on similar problems and novel problems in the domain of probability. Similarly, the
study of Aleven and Koedinger revealed that by engaging in self-explanation, learners
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acquired better-integrated visual and verbal conceptual knowledge and less shallow pro-
cedural knowledge. Further evidence for the positive effects of self-explanation prompting
when learning from computer-based worked-out examples was provided, for example, by
Conati and VanLehn (2000) as well as by Schworm and Renkl (2006, 2007).

However, even if prompted, the use of high-quality self-explanations remains far from
optimal, indicating that it is difficult for some learners to engage in this activity (Chi et al.
1989; Renkl 2002; Roy and Chi 2005). Sometimes, learners are not able to self-explain a
specific solution step. Furthermore, self-explanations can be fragmented (Roy and Chi 2005).
Finally, some learners provide only partially correct or even incorrect self-explanations
(Renkl 2002). These deficits in the self-explanations can lead to incomplete or incorrect
knowledge that, at worst, can severely impede further learning. Thus, relying only on self-
explanations has several disadvantages—even when self-explaining is elicited by prompts.

An own pilot study confirmed these difficulties that the learners had. In this pilot study,
we analyzed the effects of open self-explanation prompts (i.e., open questions inducing
self-explanations such as, “Why do you calculate the total acceptable outcomes by mul-
tiplying?””) with the experimental materials that we used in the present study. It turned out
that the learners had severe difficulties in answering the open self-explanation prompts.
Oftentimes the learners could not provide the correct explanation. Thus, we assume that
some learners profit from stronger instructional support than open self-explanation prompts
are able to provide (cf. Roy and Chi 2005).

Assisting self-explanation

Prompts that include some form of instructional assistance (see Koedinger and Aleven
2007) are a promising starting point. Kirschner et al. (2006) and Klahr and Nigam (2004)
advocate to provide the learners with more assistance relative to more open approaches
(see Anderson et al. 1998). A benefit of giving assistance or information is that learners
receive correct information that is communicated efficiently (Koedinger and Aleven 2007).
Thereby, errors and floundering (if not complete failure) can be substantially reduced.

According to Vygotskian approaches, providing learners with assistance is related to the
zone of proximal development (Vygotsky 1978). This is the region of activity in which
learners can perform successfully given the aid of a supporting context. Thus, it is expe-
dient to support learners by assisting on knowledge construction that would be out of reach
for the learners without assistance. The intention is, however, to foster subsequent own
activity of the learner. The latter implies that after providing learners with assistance, this
support is withheld in a subsequent learning phase. Thereby, the learners are encouraged to
work on their own.

Yet, previous studies on various assisting procedures in the context of self-explanations
provided mixed results. In a qualitative study, Chi (1996) demonstrated that a tutor’s
actions of knowledge co-construction—also including self-explanations of the tutees—
resulted in tutees’ deep understanding. Hilbert et al. (2004) tried to foster learning either by
self-explanation prompts or by a procedure that changed during the course of learning from
instructional explanations to self-explanation prompts. The transition from instructional
explanations to self-explanation prompts was equally as effective as giving self-explana-
tion prompts alone. Thus, constructing an effective assistance method is not a trivial task.
Nevertheless, there are experiments that successfully employed self-explanation prompts
that included assisting support in the form of menus providing “building blocks” of self-
explanations (Aleven and Koedinger 2002; Conati and VanLehn 2000). Although research
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has shown that both simple prompting and more elaborate assistance improve self-
explanation (Bielaczyc et al. 1995; Chi et al. 1994), no study has yet experimentally
compared different kinds of instructional support procedures for self-explaining. However,
such a comparison would contribute to an understanding of how much prompting and
assisting is necessary to effectively elicit sophisticated self-explanations and thereby foster
meaningful learning (cf. Conati and VanLehn 2000).

Overview of the experiment and hypotheses

Against the background of the preceding discussion, it can be argued that supporting self-
explanation activity by instructional procedures such as prompting and assisting may bring
to bear the advantages of learning with multiple representations. Based on the assumption
that assistance supports knowledge construction that would be out of reach for the learners
without this assistance, assisting self-explanation prompts may be especially effective with
respect to high-quality self-explanations and learning outcomes.

In the present experiment, we investigated the effects of using open self-explanation
prompts (open questions that induce self-explanations) and assisting self-explanation
prompts (first fill-in-the-blank self-explanations, then open questions) as compared to a no
prompt condition. Probability theory was chosen as the learning domain. Procedural
knowledge and conceptual knowledge were assessed as learning outcomes. Procedural
knowledge referred to problem-solving performance. Conceptual knowledge referred to
knowledge about the rationale of a solution procedure (i.e., why a solution procedure is
applied in this way). Specifically, the following hypotheses were tested:

1. Self-explanation prompts (assisting and open) foster high-quality self-explanations of
multi-representational examples as compared to no prompts.

2. Assisting self-explanation prompts have additional effects on high-quality self-
explanations when compared to open self-explanation prompts.

3. Self-explanation prompts (assisting and open) foster procedural knowledge acquired
from multi-representational examples when compared to no prompts.

4. Assisting self-explanation prompts have additional effects on procedural knowledge
when compared to open self-explanation prompts.

5. Self-explanation prompts (assisting and open) foster conceptual knowledge acquired
from multi-representational examples when compared to no prompts.

6. Assisting self-explanation prompts on multi-representational examples have additional
effects on conceptual knowledge when compared to open self-explanation prompts.

7. The (potential) effects on procedural knowledge and conceptual knowledge are
mediated by the type of self-explanations.

Furthermore, a focus of our learning environment was on understanding the multipli-
cation rule in probability theory. We were therefore especially interested in factors which
enhance the conceptual understanding of the multiplication rule.

Methods
Learning environment and experimental variation

Probability theory (specifically: complex events) was chosen as the learning domain
because it is suitable for the use of different representation codes (pictorial and
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arithmetical). In addition, it is relatively difficult for learners. In a computer-based learning
environment, all learners studied four pairs of isomorphic worked-out examples (i.e., eight
examples in total). The worked-out examples demonstrated the application of four prin-
ciples when determining probabilities in the cases of (a) order relevant, (b) order irrelevant,
(c) with replacement, and (d) without replacement. The principles were instantiated by four
pairs of isomorphic worked-out examples. In each example pair, the application of the
following principle combinations was demonstrated: (a) order relevant—without replace-
ment, (b) order relevant—with replacement, (c) order irrelevant—without replacement,
and (d) order irrelevant—with replacement. The participants were allowed to regulate the
processing speed of the worked-out examples on their own.

The worked-out examples were presented with multi-representational solution proce-
dures: a pictorial, tree-like solution, and an arithmetical solution (see Fig. 1). The
integration of the information from the tree diagram with the respective arithmetical
information was supported by an integration aid in form of a combined flashing-color-
coding procedure. Corresponding information from the different representations was
simultaneously flashing in the same color—“information pair” after “information pair.”
At the end, a colored freeze image was presented. Thus, corresponding colors cued rela-
tions between different representations. This combined flashing and color-coding
procedure (Jeung et al. 1997; Kalyuga et al. 1999) was intended to prevent distracting
visual search processes (Ayres and Sweller 2005). By supporting the learners in finding the
corresponding parts in the different representations, cognitive capacity for self-explanation
processes and learning was freed up. An integrated format—usually recommended in the
case of two representations—could not be realized because there is no simple one-to-one
correspondence between the single elements in the different representations (e.g., in the
example depicted in Fig. 1, the “20” in the denominator of the resulting probability
corresponds to the 20 branches in the tree diagram; cf. also Renkl 2005).

One focus of our learning environment was the understanding of the multiplication rule.
This rule is central when calculating the probabilities of complex events. Usually, the
learners understand that the multiplication rule has to be applied, but they rarely under-
stand why the fractions have to be multiplied. For many learners, the latter is not apparent.
However, it is “encapsulated” in the multi-representational solution (cf. Fig. 1). The
learner can “unpack” it by integrating the information of the multiplication sign of the
arithmetical code with the ramifications in the tree-diagram (for the numerator in Fig. 1,
there is twice one branch; for the denominator, there are five times four branches).

The experimental variation was realized as follows. Participants of the condition
assisting self-explanation prompts received six questions such as “Why do you calculate
the total acceptable outcomes by multiplying?” in each worked-out example. In the first
worked-out example of each pair of isomorphic examples, the answers were supported in
the form of fill-in-the-blank self-explanations [e.g., “There are times ___ branches.
Thereby, all possible combinations (os, ob, or, ...) are included.”]. In the isomorphic
examples that followed, this support was withheld, and the participants received six open
self-explanation prompts. The answers had to be typed into corresponding text boxes. In
the condition open self-explanation prompts, the learners were provided with six open self-
explanation prompts only (e.g., open answer to, “Why do you calculate the total acceptable
outcomes by multiplying?”’) in each worked-out example. The assisting self-explanation
prompts and the open prompts put an emphasis on relating the pictorial and arithmetical
representation to each other. For example, the prompt, “Why is there a four in the
denominator of the second single experiment, though there are 20 branches in the tree
diagram?” referred to the arithmetical representation (“the four in the denominator”) and
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5. Example Task: Mountainbike Ill
You and your friend take part in a two-day mountain bike course. Each day of the course the instructor brings along
5 helmets, each one of a different colour (orange, silver, brown, red, and green). The helmets are handed out
randomly and given back to the instructor at the end of the day.
What is the probability that you and your friend get the red and the green helmet on the first day of the course
(it does not matter who gets which colour)?

o5 Here you can take notes:

scceptable outcomes _& - _!_ -

possible outcomes 5

me friend

The probability is —-. @

Fig. 2 Screenshot of the learning environment of condition “No self-explanation prompts” (control
condition)

to the pictorial representation (“20 branches in the tree diagram™). To answer this question,
the learners had to relate the denominator of the arithmetical equation to the corresponding
branches of the pictorial tree diagram. Thereby, they could understand that the four stands
for the number of remaining events of one initial branch. Due to the fact that there are five
initial branches in the first single experiment, five times four branches, that is, 20, are
included.

In the condition no self-explanation prompts (control condition), the learners studied the
same worked examples as presented in the conditions assisting self-explanation prompts
and open self-explanation prompts. The only difference was that the learners of the con-
dition no self-explanation prompts were merely provided with a text box in order to take
notes (see Fig. 2) and did not receive any additional support in the form of self-explanation
prompts. However, by providing the possibility to take notes, the factors of writing and the
possibility to provide explanations in own words were held constant across the three
experimental conditions. Thus, a rather strong and thereby fair control condition was
implemented.

All prompts and text boxes were placed on the right-hand side of the multi-represen-
tational examples. The total size of the text boxes in the self-explanation conditions and the
text boxes of the control group for note taking was the same.

Sample and design
The participants of this study were 42 female and 20 male psychology students of the

University of Freiburg, Germany. The mean age was approximately 25 years (M = 25.02,
SD = 6.12). The participants were randomly assigned to one of the three conditions of a
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one-factorial experimental design: “Assisting self-explanation prompts” (n = 20), “open
self-explanation prompts” (n = 22), and “no self-explanation prompts” (n = 20). The last
condition was the control group.

Procedure

The experiment was conducted in individual sessions. First, the participants were asked to
fill out a demographic questionnaire. Afterwards, the learners worked on a pretest. Next,
they entered the computer-based learning environment and worked individually in front of
a computer. In order to provide or reactivate basic knowledge that allowed the participants
to understand the following worked-out examples, an instructional text on the basic
principles of probability was provided. Afterwards, the participants studied eight worked-
out examples. During this phase, the experimental manipulation was realized, that is, the
participants were provided with assisting self-explanation prompts, open self-explanation
prompts, or no prompts. Finally, the participants completed a post-test on procedural and
conceptual knowledge.

The experiment lasted approximately 2 h (M = 128.63 min, SD = 31.30). The learning
time (i.e., time spent on the worked-out examples) was significantly higher in the groups
with self-explanation prompts, #(60) = 5.65, p < .001 (assisting self-explanation prompts:
M = 73.80 min., SD = 20.00; open self-explanation prompts: M = 79.41 min.,
SD = 21.62; no prompts: M = 46.25 min., SD = 17.68). The two groups with self-
explanation prompts did not significantly differ with respect to learning time (F < 1). The
learning time was not, however, significantly related to the two learning outcome mea-
sures: » = .12 with procedural knowledge and r = .17 with conceptual knowledge. Thus,
the variable learning time was not included in further statistical analyses.

Instruments
Pretest: assessment of prior knowledge

A pretest on complex events with six items assessed the topic-specific prior knowledge of
the learners. An example pretest item is: “Two coins are tossed. Afterwards, each coin
lands heads or tails. What is the probability that one coin lands heads and the other one
tails?” The maximum score for the pretest was six points.

Self-explanations: assessment of learning processes

In all groups, the written responses to the prompts were analyzed in detail. As Schworm
and Renkl (2006) have shown, the quality of written self-explanations is a good indicator
of the quality of the learning processes. The protocols were thoroughly examined for
content segments that corresponded to the following high-quality self-explanation cate-
gories (Roy and Chi 2005).

(a) Principle-based self-explanations: a learner assigns meaning to a solution step by
identifying the underlying domain principles (e.g., order relevant, with replacement).
This activity fosters a principle-based understanding of solution procedures (cf. Renkl
2005). The number of times that participants referred to the principles of the topic
complex events was counted. However, if a principle was merely mentioned without
any elaboration (e.g., “order relevant”), this category was not scored. There had to be
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some elaboration of a principle (e.g., “the order is relevant because it does matter in
which order you type in the numbers of a PIN™). This category corresponds to the Chi
et al.’s (1989) codings of the learners’ references to Newton’s Laws (the underlying
domain principles in that study).

(b) Rationale-based self-explanations: this category did not directly correspond to
anything in previous studies. It referred to high-quality self-explanations about the
rationale of a principle. Thus, rationale-based self-explanations exceed principle-
based self-explanations by giving reasons for why the principle is as it is. Hence, for
rationale-based self-explanations it was not enough, for example, to state why one has
to multiply in the sense of correct application conditions of a principle (e.g., “because
it is AND”); the learners also had to state why one has to multiply to provide a
rationale of the principle itself—typically contextualized in reference to a specific
example. A rationale-based self-explanation on the open prompt, “Why do you
calculate the total acceptable outcomes by multiplying?” could be: “Because for the
denominator there are five times four branches. Thus, each of the first five branches of
the tree diagram forks out in four further branches because each of the first five events
can occur in combination with one of the four remaining events.” To provide such a
self-explanation it was necessary to integrate the multiplication sign of the equation
with the ramifications of the tree diagram. In sum, rationale-based self-explanations
in our research typically demanded the integration of two representations and
reasoning about why a certain applicable principle has to be applied in a specific way.

The coding categories were distinct. In the assisting self-explanation prompts condition,
the learners filled in blanks in the first worked-out example of each pair whereas the
learners of the other two conditions answered open self-explanation prompts or just took
notes. The statistical analyses in the “Results” section refer only to the written responses to
the prompts or to the annotations in the text boxes of every second isomorphic example in
order to assure comparability between conditions; in each condition, the text boxes of
every second example were empty.

The written self-explanations of six participants were coded by a student research
assistant and the first author. Inter-rater reliability with respect to assigning the protocol
segments to the coding categories was very good (Cohen’s Kappa .88). In case of diver-
gence, the first author re-examined the protocols and made the final decision. As the inter-
rater reliability was very good, the rest of the protocols were only coded by the first author.

Post-test: assessment of learning outcomes

The learning outcomes were measured by a post-test containing 14 problems. These
problems were not identical to the pretest problems. Most of these post-test problems were
more difficult than the pretest items. Providing these difficult post-test problems in the
pretest at the very beginning of the experiment would have probably decreased the self-
efficacy of the participants when coping with the demands of the experiment.

Seven post-test problems assessed procedural knowledge, seven problems required
conceptual knowledge. The procedural knowledge problems referred to actions or
manipulations that are valid within a domain (de Jong and Ferguson-Hessler 1996). This
category included transfer items: the surface features and—in some items—the structural
features of the problems were changed. An example transfer item is, “Bicycle number-
locks usually have four digits. What is the probability that one guesses the right digit
sequence on the first guess?” In each task, 0.5 points could be achieved if the numerator of
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the solution was correct and 0.5 points if the denominator was correct. These scores were
summed up to a total score of procedural knowledge. Thus, a maximum score of seven
points could be achieved in this category.

Conceptual knowledge problems referred to knowledge about facts, concepts, and
principles that apply within a domain (de Jong and Ferguson-Hessler 1996). We focused
especially on understanding-why knowledge about the rationale of a solution procedure,
that is, why the solution procedures are as they are. Thus, in particular, it includes
understanding “what is behind the solution procedure.” This category contained seven
open questions which required written explanations of conceptual knowledge of principles
presented in the learning phase. For example, the learners were to explain why the mul-
tiplication rule has to be applied (e.g., “Why are the two fractions multiplied?”). As the
rationale for the multiplication rule can be figured out relatively easily when the pictorial
and the arithmetical representations are integrated, this post-test measure also assessed the
quality of representation integration. Two independent raters, who were blind to experi-
mental conditions, scored the open answers by using a 6-point rating scale ranging from 1
(no conceptual understanding) to 6 (very clear conceptual understanding). A very clear
conceptual understanding was indicated by a correct answer with a high degree of rea-
soning and elaboration. Inter-rater reliability was very good (intra-class coefficient .90). In
cases of divergence, the final coding was determined by discussion.

Results

Table 1 presents the means and standard deviations for the three experimental groups on
the pre-test, on principle-based self-explanations and rationale-based self-explanations, as
well as on procedural and conceptual knowledge. Additionally, scores on the under-
standing of the multiplication rule (which was part of the conceptual knowledge) is
reported.

The measures on learning outcomes were subjected to a priori contrasts that corre-
sponded to the hypotheses (i.e., one-tailed #-tests). According to the recommendations of
Rosenthal and Rosnow (1985) (see also Rosenthal et al. (2000), we refrained from
reporting overall ANOVA results (except for the students’ topic-specific prior knowledge).
Of particular interest were contrasts comparing the (aggregated) self-explanation groups
with the no-prompts group (control group) and contrasts comparing the assisting self-
explanation group with the open self-explanation group. The latter accounted for additional

Table 1 Means and standard deviations (in parentheses) on the pre-test, on the self-explanation measures,
and on the learning outcome measures

Pre-test Principle- Rationale-  Procedural Conceptual Multiplication
based based knowledge knowledge rule
explanations explanations

No prompts 2.35 (1.86) 1.47 (2.80) .05 (.23) 3.63 (1.36) 2.58 ((77)  1.85(.89)

Open self- 2.52 (1.69) 6.55(2.76)  2.50 (3.39) 4.41 (1.05) 2.98 (.87)  2.00 (1.08)
explanation prompts

Assisting self- 2.30 (1.41) 7.75(2.38) 11.20 (7.57) 4.55 (1.20) 3.63 (1.02) 3.57 (1.65)

explanation prompts
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effects of the assisting self-explanation group when compared with the open self-expla-
nation group. An alpha-level of .05 was used for all statistical analyses. As an effect size
measure, we used d—qualifying values of approximately .20 as weak effect, values of
approximately .50 as medium effect, and values of approximately .80 or bigger as large
effect (cf. Cohen 1988).

With respect to the students’ topic-specific prior knowledge, an ANOVA revealed no
significant differences, F' < 1. Hence, there was no a priori difference between groups with
respect to this important learning prerequisite.

Effects of self-explanation prompts on self-explanations

Descriptively, higher means for principle-based self-explanations emerged in the groups
with self-explanation prompts (assisting self-explanation prompts and open self-explana-
tion prompts). As mentioned above, we aggregated the two groups with self-explanation
prompts and compared them with the no-prompts group (control group) in order to test this
difference. A t-test yielded a significant and very strong difference for principle-based self-
explanations in favor of the self-explanation prompts groups, #(59) = 7.63, p < .001,
d = 2.08 (due to technical problems, a process data set of one participant in the group with
no prompts was lost; thus, the degrees of freedom are reduced by one in the corresponding
analyses). Hence, the self-explanation prompts elicited significantly more principle-based
self-explanations when compared with the no-prompts group. A z-test on potential addi-
tional effects of assisting self-explanation prompts on principle-based self-explanations
when compared to open self-explanation prompts failed to reach statistical significance,
1(40) = 1.51, p = .070. Thus, the two groups with self-explanation prompts did not sig-
nificantly differ in their amount of principle-based self-explanations. In sum, assisting and
open self-explanation prompts fostered principle-based self-explanations. Yet, the two self-
explanation prompts groups did not differ in this respect.

With respect to rationale-based self-explanations, we obtained descriptively higher
means in the groups with self-explanation prompts (assisting self-explanation prompts and
open self-explanation prompts). A z-test revealed a significant and strong difference for
rationale-based self-explanations in favor of the (aggregated) self-explanation prompts
groups, #(41) = 5.93, p < .001, d = 1.29 (s-test for unequal variances). A f-test on addi-
tional effects of assisting self-explanation prompts on rationale-based self-explanations
yielded a significant and strong effect in favor of the assisting self-explanation prompts,
1(26) = 4.73, p < .001, d = 1.48 (t-test for unequal variances) when compared to open
self-explanation prompts. Thus, assisting self-explanation prompts had additional effects
on rationale-based self-explanations in comparison to open self-explanation prompts. In
summary, with respect to rationale-based self-explanations, assisting and open self-
explanation prompts were effective. Assisting self-explanation prompts in particular
elicited these types of self-explanations.

Effects of self-explanation prompts on learning outcomes

As Table 1 shows, we obtained higher means for procedural knowledge in the groups with
self-explanation prompts (assisting self-explanation prompts and open self-explanation
prompts). To test this difference, the (aggregated) groups with self-explanation prompts
were compared to the control group. A #-test yielded a significant and medium to strong
difference for procedural knowledge in favor of the self-explanation prompts groups,
#(60) = 2.62, p =.005, d = .68. Hence, the participants who had received self-

@ Springer



356 K. Berthold et al.

explanation prompts performed significantly better on procedural knowledge than those
learners who had received no such prompts.

A t-test on additional effects of assisting self-explanation prompts on procedural
knowledge, when compared to open self-explanation prompts, failed to reach statistical
significance, #(40) = .41, p = .688. Thus, the two groups with self-explanation prompts
did not differ with respect to procedural knowledge. In summary, with respect to proce-
dural knowledge, assisting and open self-explanation prompts fostered procedural
knowledge. The two self-explanation prompts groups did not differ in this respect.

With respect to conceptual knowledge, the descriptively highest mean was obtained in
the assisting self-explanation prompts group, followed by the mean of the open self-
explanation prompts group. The lowest mean was revealed for the no-prompts group (cf.
Table 1). A t-test comparing the groups with self-explanation prompts against the no-
prompts group (control group) yielded a significant and strong effect, #60) = 2.84,
p = .003, d = .80. The participants of the self-explanation prompts groups outperformed
their counterparts in the no-prompts groups with respect to conceptual knowledge. A #-test
contrasting the assisting self-explanation prompts group with the open self-explanation
prompts group revealed a significant and medium to strong effect, #(40) = 2.23, p = .016,
d = .68, in favor of the first group. Thus, assisting self-explanation prompts had additional
effects on conceptual knowledge in comparison to open self-explanation prompts.

A special focus of our learning environment was on understanding why the multipli-
cation rule has to be applied. This type of knowledge also indicates to what extent the
different representations were integrated because it can hardly be understood by studying
just one representation. We tested whether assisting and open self-explanation prompts
fostered understanding of the multiplication rule. Descriptively, we obtained the highest
mean in the assisting self-explanation prompts group, whereas the means of the open self-
explanation prompts and no-prompts group were relatively low (cf. Table 1). A #-test,
which tested whether the groups with self-explanation prompts outperformed the no-
prompts group, revealed a significant and medium to strong effect, #58) = 2.85, p = .003,
d = .70 (t-test for unequal variances). Hence, the participants of the groups with self-
explanation prompts outperformed their counterparts of the no-prompts group with respect
to understanding the multiplication rule. A #-test on the question of whether assisting self-
explanation prompts fostered understanding of the multiplication rule more effectively
than open self-explanation prompts yielded a significant and strong effect, #(32) = 3.60,
p = .001, d = 1.13 (#-test for unequal variances). Correspondingly, the overall pattern of
performance indicated that, above all, assisting self-explanation prompts fostered the
integration of multiple representations.

In summary, self-explanation prompts on multi-representational examples fostered
principle-based self-explanations and rationale-based self-explanations as well as proce-
dural and conceptual knowledge. With respect to principle-based self-explanations and to
procedural knowledge, it did not make a difference whether the learners were provided
with assisting or with open self-explanation prompts. However, with respect to rationale-
based self-explanations and conceptual knowledge (especially, understanding of the
multiplication rule), the overall effect of the self-explanation prompts can be ascribed
mainly to the assisting self-explanation group.

Mediation of the learning outcomes by self-explanations

Having established that the prompts conditions fostered principle-based self-explanations
and procedural knowledge compared to the no-prompts condition, the question arises
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whether the principle-based self-explanations mediated the effects on procedural knowl-
edge. Furthermore, the assisting prompts version in particular elicited rationale-based self-
explanations and fostered conceptual knowledge. This finding suggests that conceptual
knowledge was fostered via rationale-based self-explanations. Against this background, we
addressed the following questions: Can the effects on procedural knowledge be explained
by an increase of principle-based self-explanations? Can the effects on conceptual
knowledge be explained by an increase of rationale-based self-explanations? To answer
these questions, we conducted two mediation analyses.

To test whether principle-based self-explanations do indeed mediate the influence of the
independent variable prompts (self-explanation prompts versus no prompts) on procedural
knowledge, three regression equations were estimated and tested for significance following
the procedures suggested by Baron and Kenny (1986) and MacKinnon (2002). In order to
establish mediation, (1) the independent variable (i.e., prompts) must affect the dependent
variable (i.e., procedural knowledge), (2) the independent variable (i.e., prompts) must
affect the potential mediator (i.e., principle-based self-explanations), and (3) the effect of
the independent variable on the dependent variable should be significantly reduced when
the mediator is included as an additional predictor of the dependent variable (cf. MacK-
innon 2002). First, prompts accounted for 10% of the variance in the scores of procedural
knowledge (9% adjusted), F(1, 61) = 6.86, p = .011. The second analysis demonstrated
the influence of the independent variable prompts on principle-based self-explanations,
F(1, 60) = 58.13, p < .001; it accounted for 50% of the variance in the principle-based
self-explanations. In the third regression analysis, procedural knowledge was regressed on
the factor prompts and principle-based self-explanations in a simultaneous multiple
regression model. This regression equation accounted for 17% of the variance (14%
adjusted), F(2, 60) = 5.74, p = .005. As expected, principle-based self-explanations sig-
nificantly predicted procedural knowledge, B = .38, #(60) = 2.24, p = .029, whereas the
influence of the factor prompts was no longer significant, § = —.04, #60) = —.23,
p = .823. Following Baron and Kenny (1986) and MacKinnon (2002), this pattern of
results indicates mediation. In order to directly test whether the mediation effect differed
significantly from zero, we used the test procedure suggested by MacKinnon (2002) (see
also MacKinnon and Dwyer 1993). This test procedure included the computation of two
regression equations: Mediator = a*Independent + error; and Dependent = c*Indepen-
dent 4+ b*Mediator + error,. The mediation effect is defined as the product of the
regression weights a and b, that is, the effect of the independent variable on the mediator
multiplied by the effect of the mediator on the dependent variable when the independent
variable is controlled. The statistical significance of the mediation effect is determined as
follows: z = a*b/se,;,, with se,, being the standard error of the mediation effect a*b,
seqp = \/(az*[seb]z + b**[se,]?) (cf. Sobel 1982). In such an analysis, we obtained a z
score of —2.14 that was significant on the 5% level. This finding indicated that the effect of
the prompts on procedural knowledge was significantly mediated by the number of prin-
ciple-based self-explanations. Thus, the prompts fostered procedural knowledge because
the self-explanation prompts effectively supported the learners in generating principle-
based self-explanations.

Furthermore, we tested whether rationale-based self-explanations mediated the influ-
ence of the independent variable assisting prompts versus open prompts on conceptual
knowledge. Therefore, three further regression equations were estimated and tested for
significance. The first analysis demonstrated that the type of prompts (assisting prompts
versus open prompts) accounted for 11% of the variance in conceptual knowledge (9%
adjusted), F(1, 41) = 4.96, p = .032. A second analysis showed that the independent
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variable (assisting prompts versus open prompts) significantly influenced the potential
mediator (i.e., rationale-based self-explanations). This regression equation accounted for
37% of the variance (36% adjusted), F(1, 41) = 23.84, p < .001. Thirdly, the influence of
the independent variable (assisting prompts versus open prompts) on the dependent vari-
able (conceptual knowledge) was clearly reduced when the mediator (rationale-based self-
explanations) was included as an additional predictor of the dependent variable. This
regression equation accounted for 28% of the variance (24% adjusted), F(2, 41) = 7.44,
p = .002. As expected, rationale-based self-explanations significantly predicted conceptual
knowledge, 3 = .52, #(60) = 2.99, p = .005, whereas the influence of the factor assisting
prompts versus open prompts was no longer significant, § = —.02, #60) = —.103,
p = .919. In a mediation analysis according to MacKinnon (2002), we obtained a z score
of —2.53 that was significant on the 1% level. Thus, the rationale-based self-explanations
did in fact mediate the impact of the assisting prompts on conceptual knowledge. Con-
clusively, the assisting prompts fostered conceptual knowledge because the assisting
prompts effectively supported the learners in generating rationale-based self-explanations.

Discussion

In summary, our study made five essential contributions to the problem of supporting
effective self-explanations during learning with multi-representational examples: (a) Self-
explanation prompts (assisting and open) foster principle-based self-explanations and
rationale-based self-explanations. With respect to rationale-based self-explanations,
assisting self-explanation prompts are especially effective. (b) Self-explanation prompts
foster procedural and conceptual knowledge in multi-representational learning. (c) With
respect to fostering principle-based self-explanations and procedural knowledge, it is
equally effective to use open or assisting self-explanation prompts. Principle-based self-
explanations are the crucial mediator in fostering procedural knowledge. (d) With respect
to fostering rationale-based self-explanations and conceptual knowledge, assisting self-
explanation prompts are especially effective. Thereby, we were able to show that assisting
self-explanation prompts have an additional value when compared to open prompts (cf.
Conati and VanLehn 2000). Rationale-based self-explanations mediated the effects on
conceptual knowledge. (e) Assisting self-explanations are particularly effective for inte-
grating multiple representations, as indicated by the understanding of the multiplication
rule. This rule can be understood by integrating the multiplication sign of the arithmetical
equations and the ramifications of the tree diagram. Thus, our findings also suggest that
assisting self-explanation prompts particularly support the integration of multiple
representations.

The present findings confirm the assumption of Roy and Chi (2005) as well as Aleven
and Koedinger (2002) that self-explanations are suited for integrating multiple represen-
tations and, thereby, fostering learning outcomes. In comparison to other integration aid
procedures, such as the use of an integrated format, the employment of self-explanation
prompts has the advantage that it goes beyond the surface level with respect to the inte-
gration of different representations. They require the learner to focus on the conceptual
correspondences (cf. Seufert and Briinken 2004), such as the type of correspondence
between the multiplication sign in the arithmetical equation and the ramification in the tree
diagram in the present learning environment.

Against the background of the additional effect of assisting self-explanation prompts,
the following question arises: Why were assisting self-explanation prompts in particular
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powerful with respect to fostering rationale-based self-explanations and thereby enhancing
conceptual knowledge, whereas with respect to principle-based self-explanations and
procedural knowledge, providing open self-explanation prompts were sufficient? Con-
ceptual understanding (e.g., understanding the multiplication rule) is more demanding than
gaining procedural knowledge—in particular because such a type of conceptual under-
standing is seldom addressed in mathematics lessons in school or at university.
Nevertheless, it is crucial for further learning. The finding that assisting self-explanation
prompts (as opposed to open self-explanation prompts) were shown to be effective with
respect to the elicitation of the highly demanding rationale-based self-explanations, the
integration of multiple representations, and conceptual knowledge supports the assump-
tions of Koedinger and Aleven (2007). The authors suggests that a rough criterion for
deciding to give rather than withhold assistance is when the task gets too difficult (i.e.,
highly demanding self-explanations and conceptual knowledge) and thus the probability of
failure or unproductive thinking is too high. Similarly, the findings may be related to the
zone of proximal development (Vygotsky 1978). Generating the highly demanding self-
explanations and acquiring the demanding conceptual knowledge was slightly out of reach
for learners without the assisting self-explanation prompts. For instance, most of the
learners were not able to self-explain the rationale of the multiplication rule—even if they
were prompted by open self-explanation prompts. Open prompts were only capable of
eliciting self-explanations that the learners were capable of but did not spontaneously
generate—such as the principle-based self-explanations. In contrast, the highly demanding
rationale-based self-explanations could only be elicited if, in the initial worked-out
examples, the fill-in-the-blank self-explanations provided the learners with the pieces of
information that they needed to integrate and to conceptually understand the multi-rep-
resentational examples (e.g., “There are ____ times ___ branches. Thereby, all possible
combinations are included.”). Conceptual understanding refers in particular to a deep
understanding of the rationale of (multi-representational) solution procedures. Evidently,
the assistance supported the learners in the troublesome process of understanding the
background of the multi-representational solutions. As a consequence, our findings suggest
that assisting self-explanation prompts should be provided if understanding the learning
contents is slightly out of reach for learners without assistance. We call this the assisting
self-explanation prompt effect, which refers to the elicitation of high-quality self-expla-
nations and the acquisition of deep understanding.

However, diagnosing the dimensions of the zone of proximal development is a difficult
task (Ainsworth et al. 1998). We should nevertheless be able to identify its lower boundary
by analyzing the learner’s unsupported performance. With this information, it should be
possible to construct assisting prompts on knowledge that is out of reach for the unsup-
ported learner and which therefore falls within the learner’s zone of proximal development.
In future studies, learning environments with multiple representations could be designed
that include different types of assisting self-explanation prompts for learners at different
levels of skill acquisition (cf. Conati and VanLehn 2000). Furthermore, self-explanations
could be diagnosed online in order to provide an immediate and dynamic adaptation of
assisting procedures (e.g., Aleven et al. 2001).

By including only fill-in-the-blank self-explanations instead of complete instructional
explanations in the assisting self-explanation prompts and by withholding this assistance in
the following isomorphic examples, it was assured that the learners did not just superfi-
cially and passively, but rather actively processed the new information by explaining it to
themselves. Nevertheless, there are two restrictions with respect to our interpretation of the
effects of the assisting self-explanation prompts. (a) The first restriction is that possibly not
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the assistance-giving-assistance-withholding procedure on the whole (first isomorphic
examples: fill-in-the-blank explanations; second isomorphic examples: open self-expla-
nation prompts) is crucial with respect to fostering the acquisition of procedural and
conceptual knowledge but only the part of the fill-in-the-blank explanations in the first
isomorphic examples. Future studies should additionally compare the effects of an assis-
tance-giving-assistance-withholding procedure versus fill-in-the-blank explanations only to
come to a more fine-grained picture about the relevant parts of the assistance-giving-
assistance-withholding procedure. Thereby, it would be possible to analyze if the reduction
in support in the assistance-giving-assistance-withholding procedure would indeed be
helpful. (b) The second restriction also refers to the fill-in-the-blank explanations in the
first isomorphic examples. Thereby, the assisting self-explanation prompts included
additional information compared to the open self-explanation prompts. Thus, it might be
that not filling in the blanks and answering the subsequent open self-explanation prompts
was helpful but only the additional information in the assisting prompts fostered learning.
Hence, it could be merely an effect of “receiving” an (incomplete) instructional expla-
nation. However, there are two arguments that make this alternative explanation
implausible: First, it was found that the quality of self-explanations (i.e., number of
rationale-based self-explanations) mediated the effect of assisting self-explanation prompts
on conceptual knowledge. Secondly, there have been numerous findings in the mean time,
which show that usual instructional explanations in worked-out examples are rather
inefficient (e.g., Atkinson and Catrambone 2000; Atkinson et al. 2003a; Gerjets et al.
2003; Hilbert et al. 2004; Renkl 2002). Thus, it is not probable that the pure “reception” of
the incomplete instructional explanation in the assisting self-explanation prompts in the
initial worked-out examples was the crucial factor. Instead, we assume that the supple-
mentary self-explaining in the first example of each pair and the open self-explanations in
the second isomorphic example were crucial. This interpretation is supported by Siegler
(2002) who asked learners to self-explain either their own or another’s answers (i.e., the
experimenter’s answers). The latter is similar to our assistance in the learning environment
because both Siegler’s and our learners had to self-explain (part of) an expert’s answer.
Participants who were best in explaining the presented answers of the experimenter also
showed the best results in providing correct answers on their own. Evidently, self-
explaining a pre-existing answer of an expert more effectively fostered understanding than
explaining one’s own answer. This was probably also due to the fact that the pre-existing
answers were consistently correct whereas the answers of the participants without this
scaffold were fragmented or (partially) incorrect. When explaining a provided correct
answer, additional opportunities arise for comparing and contrasting this answer with one’s
own (cf. Roy and Chi 2005). Observing discrepancies between a correct answer and one’s
own will naturally elicit repairs of one’s own representation and thereby foster learning
(Chi 2000). Nevertheless, these learning processes only occur if the learners actively self-
explain a presented answer or, in our case, the information included in the assisting self-
explanation prompts in some form (e.g., by filling in blanks and answering open self-
explanation prompts). Thus, self-explaining is probably the crucial factor. However, an
empirical test of the specific contribution of the additional information in assisting self-
explanation prompts is necessary in future studies.

A further question that is raised refers to the generalizability of the present results. We
have shown the use of (assisting) self-explanation prompts for the integration of multiple
representations in the context of mathematics, a well-structured learning domain. As self-
explanation in general (i.e., not specifically related to the integration of different repre-
sentations) has proven to be fruitful in many domains (e.g., Roy and Chi 2005), we
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conjecture that it is appropriate to generalize the present findings across different learning
contents. Nevertheless, an empirical test of this conjecture is necessary in future studies.

In a nutshell, the findings suggest the following instructional implication for learning
with multiple representations. Assisting self-explanation prompts can strongly foster the
integration and understanding of multiple representations: they elicit high-quality self-
explanations that are slightly out of reach for learners without this assistance and foster
deep conceptual understanding (assisting self-explanation prompt effect). The case of the
assisting self-explanation prompt effect is a very good instance to support the notion that
effective learning needs a well-balanced mixture of provided assistance and information
(e.g., assisting self-explanation prompts) and room for active knowledge construction (e.g.,
self-explanations) (cf. Renkl 2005).

However, constructing assisting self-explanation prompts is rather time-consuming and
demanding for the instructor. Thus, we plea for the implementation of assisting self-
explanation prompts only if understanding the learning contents is out of reach for the
learners without this instructional support measure (i.e., conceptual knowledge). In this
case, the development of the sophisticated assistance procedure is worth the effort because
the additional effects justify the costs of construction. Otherwise (i.e., fostering procedural
knowledge), it might be sufficient to provide open prompts which are less costly to con-
struct. Thus, against the background of the learning goal (i.e., conceptual versus procedural
knowledge), the instructor has to decide how much prompting and assistance is necessary
to effectively elicit self-explanations and enhance learning outcomes (cf. Conati and
VanLehn 2000).
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