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a b s t r a c t
Many animations impose a high cognitive load due to the transience of information, which often hampers
learning. Segmentation, that is presenting animations in pieces (i.e., segments), has been proposed as a
means to reduce this high cognitive load. The expertise reversal effect shows, however, that design measures that have a positive effect on cognitive load and learning for students with lower levels of prior
knowledge, might not be effective, or might even have a negative effect on cognitive load and learning
for students with higher levels of prior knowledge. This experiment with animated worked-out examples
showed an expertise reversal effect of segmentation: segmented animations were more efﬁcient than
continuous animations (i.e., equal test performance with lower investment of mental effort during learning) for students with lower levels of prior knowledge, but not for students with higher levels of prior
knowledge.
Ó 2010 Elsevier Ltd. All rights reserved.

1. Introduction
Animations are increasingly used in instructional material to
visualize natural processes (e.g., Long Term Potentiation occurring
in synapses: Amadieu, Mariné, & Laimay, 2011; the formation of
lightning; Schmidt-Weigand & Scheiter, 2011) or mechanical systems (e.g., a car’s braking system; Mayer, Hegarty, Mayer, & Campbell, 2005), or to demonstrate and explain problem solving
methods (e.g., animated worked-out examples demonstrating
how to solve probability calculation problems; Wouters, Paas, &
Van Merriënboer, 2009, 2010). This is probably done because animations are considered to be attractive for students (e.g., Chandler,
2009; Tversky, Heiser, Mackenzie, Lozano, & Morrison, 2008).
However, they are expensive to develop, and research has shown
that they are not always more effective for learning than static pictures (e.g., Hegarty, Kriz, & Cate, 2003; Mayer et al., 2005; Tversky,
Morrison, & Betrancourt, 2002), although there seem to be certain
types of tasks for which animations are more effective, which often
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involve animated examples demonstrating (psycho)motor procedures (Höfﬂer & Leutner, 2007; see also Van Gog, Paas, Marcus,
Ayres, & Sweller, 2009).
It has been argued that the efﬁciency and effectiveness of
animations can be improved by design measures that take
cognitive load into account (Ayres & Paas, 2007). A number of measures has been proposed to improve the efﬁciency and effectiveness of animations by reducing extraneous or ineffective
cognitive load and increasing germane or effective cognitive load.
These include visuospatial cueing, that is, visually highlighting
one or more elements in animations (e.g., De Koning, Tabbers, Rikers, & Paas, 2007), pre-training, that is, presenting components
of the instructional material before the animations (e.g., Mayer,
Mathias, & Wetzell, 2002), or segmentation, that is, showing animations in pieces or segments (e.g., Mayer & Chandler, 2001).
However, research on the expertise reversal effect (e.g., Wetzels,
Kester, & Van Merriënboer, 2011; see for a review Kalyuga, Ayres,
Chandler, & Sweller, 2003) has shown that measures that have a
positive effect on efﬁciency and effectiveness for students with
lower levels of prior knowledge might have no, or even a negative,
effect on efﬁciency and effectiveness for students with higher levels of prior knowledge. This study investigates whether an expertise reversal effect of segmentation occurs with animated
worked-out examples on probability calculation (see Wouters
et al., 2009, 2010).
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1.1. Effects of segmentation and learner expertise
To learn from animations, information needs to be maintained
and processed in working memory. Working memory has a limited
capacity (Baddeley, 2003) and has time constraints (Barrouillet &
Camos, 2007), as a consequence of which only two or three information elements can be simultaneously processed. Cognitive Load
Theory (Sweller, Van Merriënboer, & Paas, 1998; Van Merriënboer
& Sweller, 2005) distinguishes between three additive types of cognitive load imposed on working memory by maintaining and processing information: Extraneous (i.e., ineffective) and germane (i.e.,
effective) cognitive load imposed by the design of instructional
materials, and intrinsic cognitive load, imposed by the number of
novel, interacting information elements in the material that have
to be simultaneously processed. Intrinsic load is also inﬂuenced
by students’ level of expertise: When students gain knowledge in
a domain, they construct cognitive schemas by combining information elements and those schemas can be handled in working
memory as single information elements. Therefore, the same animations impose less intrinsic load for students with higher levels
of prior knowledge than for students with lower levels of prior
knowledge. Consequently, students with higher levels of prior
knowledge have more resources left to deal with processes that
impose extraneous load (e.g., linking related elements from physically separated parts of the display) and to be engaged in processes
that induce germane load (e.g., studying different problem variants) than students with lower levels of prior knowledge (Sweller
et al., 1998).
Due to the transience of information in animations (i.e., information presented at one moment makes place for new information
presented the next moment), learners need to maintain and process information, while simultaneously attending to new information (Mayer & Moreno, 2003). Consequently, transience induces
high extraneous load (Ayres & Paas, 2007). Students with higher
levels of prior knowledge are probably able to deal with this extraneous load, because the intrinsic load of the material is lower for
them than for students with lower levels of prior knowledge. The
high load imposed by transience, therefore, can be expected to
mainly hinder students with lower levels of prior knowledge (cf.
Kalyuga, 2008).
Segmentation has been proposed as a means to reduce the high
load occurring due to the transience of animations (e.g., Ayres &
Paas, 2007; Mayer & Moreno, 2003; Schnotz & Lowe, 2008). In most
segmentation studies, pauses between the segments are made,
which gives students time to process the information presented
in the previous segment without having to attend to new incoming
information (Mayer & Chandler, 2001; Mayer & Moreno, 2003). In
this way, segmentation can support students in dealing with the
complexity of the material presented in the animation.
In addition, segmentation breaks the animation down into
meaningful pieces (Schnotz & Lowe, 2008). Consequently, segmentation can be seen as a kind of cueing, but on a temporal rather than
a visuospatial level. That is, whereas visuospatial cueing highlights
one or more elements in the animation, segmentation can highlight the underlying structure of the depicted process/procedure
by demarcating points in time, which could aid students’ learning
by making them aware of particular sub-steps and – possibly –
stimulating them to self-explain the goals of those sub-steps (cf.
Catrambone, 1998).
However, as mentioned above, these beneﬁcial effects of segmentation might mainly be relevant for students with lower levels
of prior knowledge. When the information contained in an animation is (partly) familiar to students, they are able to deal with its
transience (cf. Kalyuga, 2008). Therefore, segmentation might not
be necessary or might even harm learning for students with higher
levels of prior knowledge. Research on the expertise reversal effect
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has shown that measures to improve the efﬁciency and effectiveness of instructional material by providing additional guidance
are often useful for students with lower levels of prior knowledge,
but not for students with higher levels of prior knowledge, who do
not need additional instructional guidance, and might even be
bothered by it, because they would have to reconcile the guidance
provided by their own schemas with the instructional guidance,
which might induce extraneous load (Kalyuga et al., 2003). A study
by Schnotz (2002) on simulations, provides preliminary support for
the assumption that an expertise reversal effect might also occur
with segmentation of animations. He found a positive effect of segmentation of a simulation for students with lower levels of prior
knowledge, but no effect for students with higher levels of prior
knowledge on one of the tests.
In sum, this study investigates whether an expertise reversal effect of segmentation arises in learning from animated worked-out
examples on probability calculation (see Wouters et al., 2009,
2010). It is hypothesized that segmented, animated worked-out
examples will lead to more effective and/or efﬁcient learning processes, that is, equal/higher transfer test scores with lower/equal
investment of mental effort during learning (Van Gog & Paas,
2008) for students with lower levels of prior knowledge, but that
with higher levels of prior knowledge the beneﬁcial effects of segmentation will disappear, so that continuous, animated examples
will be equally or more efﬁcient than segmented ones for students
with higher levels of prior knowledge.

2. Method
2.1. Participants and design
Participants were 76 Dutch secondary education students (53%
females; mean age = 16.16, SD = 0.80) attending the fourth or ﬁfth
year of senior general secondary education (total duration: 5 years)
or pre-university education (total duration: 6 years). They were
randomly assigned to either the segmented or the continuous, animated worked-out examples condition. Data from one participant
had to be excluded due to too many missing values, which resulted
in 37 students in the segmented and 38 in the continuous
condition.
2.2. Materials
2.2.1. Learning environment
A computer-based learning environment developed in Flash MX
(Macromedia., 2002) administered all parts of the experiment
(prior knowledge test, animated worked-out examples, transfer
tests). With the exception of the animated examples, all parts were
learner-paced.
2.2.2. Prior knowledge test
A prior knowledge test consisting of four multiple-choice and
eight open items about probability calculation (see Wouters
et al., 2009, 2010) was used to measure students’ prior knowledge.
An example of an open item is: ‘You are playing a game with some
friends and it is your turn to throw a dice. If you throw sixes you
win. What is the probability that you throw sixes?’. An example
of a multiple-choice item is: ‘You have a deck of cards from which
you select four cards. You want to get an ace, king, queen, and
jack – in this speciﬁc order. Does it matter whether you put back
the selected cards before each new selection or not?’, with answer
options being (a) Yes, your chances increase when you put back the
selected cards, (b) Yes, your chances decrease when you put back
the selected cards, (c) No, your chances remain the same whether
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you put back the selected cards or not, or (d) This depends on the
number of jokers in the deck of cards.
2.2.3. Animated worked-out examples
The learning phase consisted of eight animated worked-out
examples on probability calculation (see Fig. 1), preceded by a
short introduction in which information relevant for learning
about probability calculation was given, like what randomisation
is, what individual and complex events are, and how counting
can be used in solving probability calculation problems. The introduction was the same for both groups, except for a part in which
information about the animated examples was given.
The animated examples, which were computer-paced and had a
duration of approximately 2 min, demonstrated and explained
how probability calculation problems dealing with complex events
(i.e., involving more than one individual event) need to be solved.
They included a pedagogical agent (a dolphin) and text spoken by a
male voice with a neutral accent. The animated examples depicted
four different types of problems, determined by the four combinations that can be made with two factors that are important for
probability calculation: (1) relevance of order (relevant, irrelevant),
and (2) replacement after drawing (yes, no). Two animated examples were shown for each problem type, and the ﬁrst always had a
cover story about helmets handed out on a mountain bike trip,
whereas the cover story of the second varied per problem type.
The order of the problem types was: order relevant/without
replacement, order relevant/with replacement, order irrelevant/
without replacement and order irrelevant/with replacement. An
example of a problem presented is: ‘Together with your friend,
you go on a 2-day mountain bike trip. Each day the instructor takes
with him ﬁve helmets, which each have a different color: blue,
green, yellow, red and silver. The helmets are distributed randomly, and are given back to the instructor at the end of the day.
On both days you get a helmet ﬁrst, and your friend second. What
is the probability that on the ﬁrst day, you will get the blue helmet
and your friend will get the green helmet?’. Two methods for

solving probability calculation problems were shown. The method
of counting was shown if order was relevant in that problem and
the method of individual events if order was irrelevant in that
problem. The method of counting involves determining the number of possible outcomes and the number of correct outcomes.
For example, if one wants to calculate the probability that one obtains a blue helmet out of ﬁve helmets on the ﬁrst day of a mountain bike trip and a green one on the second day, one calculates
that the number of possible outcomes is 52 = 25 and determines
that only one of those 25 outcomes is correct, so the probability
is 1/25. The method of individual events consists of determining
the probability of individual events and multiplying those probabilities in order to calculate the probability of the complex event.
In the example above, one could also have determined ﬁrst that
the probabilities for the individual events are 1/5 and 1/5 and subsequently calculate that the probability is 1/51/5 = 1/25.
In the continuous condition each animated worked-out example was shown as one continuous stream of information. In the
segmented condition each animated example was divided into segments with pauses of 2 s between them, during which the screen
was slightly darkened. After the pauses, the animated examples
continued automatically. The length of segments and the moment
of the segment endings were determined together with three experts (one statistician and two math teachers) and were slightly
adapted based on a pilot test. Depending on the problem type
the number of segments varied between 5 and 7. The ﬁrst segment
presented the problem statement. The second described whether
order was relevant or not for this problem and the third whether
the problem was about drawing with or without replacement. In
the fourth and subsequent segments the method to solve the problem was chosen and the different steps of the method were
demonstrated.
2.2.4. Transfer tests
The transfer tests consisted of eight open near transfer and
four open far transfer items. The near transfer items had a similar

Fig. 1. Series of screen shots from one of the animated worked-out examples (text was spoken).
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structure to the problems presented in the animated examples (i.e.,
students could use the problem solving methods they had studied),
but different cover stories (e.g., about concert tickets instead of helmets). The far transfer items consisted of problems with a different
structure than those in the animated examples, so students had to
adapt the problem solving methods. For example, some items required the students to combine the problem solving methods
shown in the animated examples to solve problems consisting of
two complex events: ‘You are about to take an exam in order to
determine the ﬁnal mark for a subject. First, you have to perform
two tasks, then a test consisting of eight multiple-choice questions.
Two out of ﬁve possible tasks (A–E) will be randomly assigned to
you. You have already practiced tasks D and E a month ago. Eight
multiple-choice questions will be selected for you from a large pool
of 100 different questions. You have made a test before with eight
questions from this pool. What is the probability that you are assigned tasks D and E as well as the eight questions you have had
before?’
2.2.5. Mental effort
Immediately after studying each animated example, students
rated how much mental effort they invested in studying it on a
9-point subjective rating scale ranging from (1) very, very low
mental effort to (9) very, very high mental effort (Paas, 1992).
2.3. Procedure
The experiment was conducted in computer rooms at the students’ schools. It had a duration of approximately 1.5 h. First, students could read what the purpose of the experiment was and of
which parts it consisted. Subsequently, they indicated their gender
and age. After that they completed the prior knowledge test. This
test was followed by the introduction on probability calculation.
At the end of this introduction information about the animated
examples was given. With a continue button the students could
proceed to the animated examples, using headsets to listen to
the auditory information. After each animated example students
rated their invested mental effort. Finally, students completed
the transfer tests, after which they were debriefed and thanked
for their participation.
2.4. Scoring
Test performance was scored by giving 1 point for a correct answer (i.e., max score prior knowledge: 12, near transfer: 8, far
transfer: 4). No partial credit was given and computational errors
were ignored (for more details on the scoring procedure, see Wouters et al., 2009, 2010). Efﬁciency on both the near and the far
transfer test was calculated using the formula developed by Paas
and Van Merriënboer (1993), but with test performance and mental effort invested in studying the animated examples (i.e., efﬁciency in terms of learning process, where a high efﬁciency
denotes equal/low investment of effort during learning combined
with high/equal performance on the test; see Van Gog & Paas,
2008). In case of missing mental effort scores, these were replaced
with the grand mean (see Paas & Van Merriënboer, 1993).
3. Results
Table 1 shows the descriptive statistics for prior knowledge,
near and far transfer test performance, mental effort, efﬁciency
on the near and far transfer tests, and time on task for the prior
knowledge, near, and far transfer tests. Regression analyses on near
and far transfer test performance, mental effort, and efﬁciency
were executed with prior knowledge, condition and the interaction

Table 1
Descriptive statistics for prior knowledge and the outcome variables for both
conditions.
Variable

Condition
Continuous

Segmented

M

SD

M

SD

5.13
641

1.55
278

4.92
586

1.99
275

Instruction
Mental effort (1–9)

2.53

1.56

2.35

1.11

Near transfer test
Performance (0–8)
Efﬁciency
Time on task (in s)

2.24
0.16
464

1.85
1.28
225

2.86
0.17
476

1.92
1.04
213

Far transfer test
Performance (0–4)
Efﬁciency
Time on task (in s)

0.37
0.10
310

0.71
1.28
200

0.46
0.10
329

0.61
0.86
174

Prior knowledge (0–12)
Time on task (in s)

term prior knowledge  condition entered simultaneously as predictors (signiﬁcance level .05). To avoid problems with multicollinearity, prior knowledge was centered (Aiken & West, 1991).
Condition was coded as 0 for the continuous condition and 1 for
the segmented condition in the model used to examine the presence of an interaction between prior knowledge and condition. Follow-up tests on signiﬁcant interactions were conducted by
examining the speciﬁc impact of prior knowledge in each of the
conditions separately. This was done through testing the regression coefﬁcient for prior knowledge in the continuous condition
with condition coded as continuous = 0 and segmented = 1, and
in the segmented condition with condition coded as continuous = 1
and segmented = 0. In addition, the interactions were further
tested by examining the signiﬁcance of the difference between
the regression lines for students with lower and higher prior
knowledge by testing the regression coefﬁcients for condition at
one standard deviation below (lower prior knowledge) and above
(higher prior knowledge) the mean in models with condition coded
as 0 for continuous and 1 for segmented (Aiken & West, 1991).
The regression models for performance on near and far transfer
were both signiﬁcant, near: F(3, 71) = 8.61, p = .00, adjusted
R2 = .24; far: F(3, 71) = 6.01, p = .00, adjusted R2 = .17. The regression coefﬁcients for the interaction terms were not signiﬁcant,
however.
The regression model for mental effort during instruction was
marginally signiﬁcant, F(3, 71) = 2.57, p = .06, adjusted R2 = .06,
and the regression coefﬁcient for the interaction term was signiﬁcant, b = 0.38, t(71) = 2.06, p = .04. Fig. 2 depicts the interaction between prior knowledge and condition on mental effort during
instruction. At one standard deviation below the mean the difference in mental effort invested in studying continuous, animated
examples was marginally higher than in studying segmented ones,
b = 0.32, t(71) = 1.98, p = .05. With higher levels of prior knowledge, the mental effort invested in studying continuous, animated
examples decreased, b = 0.49, t(71) = 2.71, p = .01, whereas for
segmented examples this remained almost equal, b = 0.02,
t(71) = 0.11, p = .91. Consequently, no signiﬁcant difference was
found in the mental effort invested in studying continuous and
segmented animated examples at one standard deviation above
the mean, b = 0.16, t(71) = 0.98, p = .33.
The regression models for instructional efﬁciency on near and
far transfer were both signiﬁcant, near: F(3, 71) = 7.13, p = .00, adjusted R2 = .20; far: F(3, 71) = 6.70, p = .00, adjusted R2 = .19, and so
were the regression coefﬁcients for the interaction term, near:
b = 0.35, t(71) = 2.07, p = .04; far: b = 0.34, t(71) = 2.00,
p = .05. Fig. 3 depicts the interactions between prior knowledge
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the mean, near: b = 0.05, t(71) =
t(71) = 0.67, p = .51.

0.36, p = .72, far: b =

0.10,

4. Discussion

Fig. 2. The interaction between prior knowledge (centered) and condition on
mental effort during instruction.

and condition on near and far transfer. It shows that at one standard
deviation below the mean segmented, animated examples were
more efﬁcient than continuous ones, near b = 0.39, t(71) = 2.60,
p = .01, far: b = 0.33, t(71) = 2.20, p = .03. With higher levels of prior
knowledge, the efﬁciency of continuous, animated examples increased signiﬁcantly, near: b = 0.68, t(71) = 4.04, p = .00, far: b =
0.68, t(71) = 4.00, p = .00, whereas the efﬁciency of segmented,
animated examples increased more slowly and only marginally
signiﬁcant, near: b = 0.24, t(71) = 1.79, p = .08, far: b = .25, t(71) =
1.85, p = .07. As a consequence, the difference in efﬁciency between
the two conditions had disappeared at one standard deviation above

In line with our hypothesis, the results showed an expertise
reversal effect of segmentation in terms of efﬁciency: For students
with lower levels of prior knowledge segmented, animated
worked-out examples were more efﬁcient than continuous, animated worked-out examples, that is, they attained equal performance with less investment of mental effort during learning.
However, the superiority of segmented, animated worked-out
examples disappeared at higher levels of prior knowledge. This
suggests that only for students with lower levels of prior knowledge, segmentation successfully reduces the high cognitive load
imposed by animations and leads to more efﬁcient learning.
The positive effect of segmentation with lower levels of prior
knowledge and its disappearance at higher levels of prior knowledge is mainly driven by differences in mental effort investment
by students with different levels of prior knowledge. With regard
to performance, no signiﬁcant differences were found between
the conditions in the increase of scores with higher levels of prior
knowledge. Possibly, this is a consequence of the range of prior
knowledge of participants in our study: most of them were not
complete novices or full experts in the domain of probability calculation, so although there were differences in prior knowledge,
these did not span the entire continuum. This may explain why
we did not ﬁnd an interaction of segmentation and prior knowledge on performance, but only on mental effort and efﬁciency,
which constitute more subtle measures of differences in learning
processes and outcomes between (groups of) participants (Van
Gog & Paas, 2008). Future studies might examine whether a broader range of prior knowledge would lead to an interaction effect on
performance, and whether such a broader range might lead not
only to a disappearance of beneﬁts of segmentation, but to a complete reversal of effects, with continuous animations being more
effective than segmented ones at high levels of prior knowledge.
As mentioned in the introduction, there are two possible
(not mutually exclusive) explanations for the effectiveness of

Fig. 3. The interaction between prior knowledge (centered) and condition on instructional efﬁciency for near (A) and far transfer (B).
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segmentation for students with lower levels of prior knowledge.
First, segmentation as implemented in this and other studies
may be effective, because there are pauses between segments,
which gives students additional time to process the information
presented (Mayer & Moreno, 2003). Secondly, segmentation breaks
the animation down into meaningful pieces (Schnotz & Lowe,
2008), which may aid students by distinguishing the events or
sub-steps in a process/procedure and – possibly – stimulating
them to self-explain the structure of the process/procedure and
the goals of those events or sub-steps (cf. Catrambone, 1998).
However, which of these explanations is more plausible, or
whether it is the combination of pausing and indicating the problem structure that makes segmenting effective for students with
lower levels of prior knowledge, is an open question for future research to address.
A possible limitation of this study was that the pauses between
segments led to a difference in learning time between the conditions: students in the segmented condition had more time for each
animated example than students in the continuous condition. Note
though, that during these pauses no additional information was
provided (only the last frame of the previous segment was visible),
and that 2 s is probably too short for processes such as reﬂection. In
addition, it is questionable whether increasing learning time without temporarily suspending incoming information at meaningful
intervals would be effective. In other words, pausing at meaningful
intervals provides a more speciﬁc explanation for the effectiveness
of segmentation for learners with low prior knowledge than
increasing learning time in general, because it only predicts positive effects of inserting time periods without incoming information
at particular places and not of other ways to increase learning time.
Nevertheless, differences in time-on-task between conditions
should be controlled in future studies in order to rule out this alternative explanation.
In addition, this study did not provide any clues as to what cognitive processes lead to the expertise reversal effect. Are advanced
students hindered by the pauses? Or by the locations of the segments, which might interfere with the sub-steps indicated in their
acquired problem solution schemas? Therefore, future studies
should try to uncover the cognitive processes taking place during
the studying of animations by students with lower and higher
levels of prior knowledge. This can be done using verbal reports
(Ericsson & Simon, 1993), but given that animations often contain
spoken text, thinking aloud during animation study is not a viable
option. Cued retrospective reporting, that is, having students report retrospectively what they thought during studying the animations supported by a replay of the animations combined with a
record of their eye movements (Van Gog, Paas, Van Merriënboer,
& Witte, 2005) seems to be a good alternative and has been used
in several studies on learning from animations and videos (De Koning, Tabbers, Rikers, & Paas, 2010; Jarodzka, Scheiter, Gerjets, & Van
Gog, 2010).
Finally, an interesting question for future research is whether
the expertise reversal effect of segmentation also applies to animations with different learning content. In this experiment, students
acquired problem solving knowledge from the animated examples.
It is unclear whether the results can be generalised to animations
from which students have to acquire declarative knowledge about
natural processes or mechanical systems.
In sum, this study provides some evidence that an expertise
reversal effect of segmentation in animated worked-out examples
occurs. Designers should, therefore, take prior knowledge of students into account when developing instructional animations,
and implement measures such as segmentation to reduce the high
cognitive load imposed by the transience of animations for students with lower levels of prior knowledge, but not for students
with higher levels of prior knowledge.
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