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Abstract: Discovery learning is generally seen as a promising but demanding mode of learning that, in
most cases, can only be successful if students are guided in the discovery process. The present article dis-
cusses a study on discovery learning with a computer simulation environment in the physics domain of col-
lisions. In the learning environment, which is called Collision, students learned about collisions where two
particles move in the same direction and interact via a conservative force in such a way that the total me-
chanical energy is conserved. In the experiment we conducted with Collision, we evaluated the effects of
adding two different ways to guide students: model progression, in which the model is presented in sepa
rate parts; and assignments, small exercises that the student can choose to do. The effect of providing as-
signments and model progression was evaluated by comparing the learning behavior and learning results
over three experimental conditions in which different versions of the simulation environment were pre-
sented: pure simulation, simulation plus assignments, and simulation plus model progression and assign-
ments. Students’ use of the environment was logged, their subjectively experienced workload was measured
on-line, and their learning was assessed using a number of assessment procedures. Providing assignments
with the simulation improved students' performance on one aspect of a so-called intuitive knowledge test.
Providing the students with model progression did not have an effect. A subjective workload measure indi-
cated that expanding the simulation with assignments and model progression did not raise the workload ex-
perienced by the students. © 1999 John Wiley & Sons, Inc. J Res Sci Teach 36: 597—-615, 1999

Discovery learning with computer simulations is generally seen as a promising area for
learning and instruction. There are a number of studies in the literature that compare the effects
of simulation-based learning to some kind of expository teaching. These studies cover a variety
of domains such asbiology (Rivers & Vockell, 1987), economics (Grimes & Willey, 1990; Shute
& Glaser, 1990), decision support theory (De Jong, De Hoog, & De Vries, 1993), Newtonian
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mechanics (Rieber, 1990; Rieber, Boyce, & Assad, 1990; Rieber & Parmley, 1995; White,
1993), and electrical circuits (Carlsen & Andre, 1992; Chambers et al., 1994). As an overal pic-
ture, these studies show that learning with computer simulationsis as effective as expository in-
struction. These and other studies, however, also suggest that effects of simulation-based learn-
ing are stronger when the simulation is embedded in an environment that intends to support
specific aspects of discovery learning.

Embedding simulations into supportive environments seems necessary because learners
lack proficiency in discovery learning processes. Discovery learning in science domainsis char-
acterized by a number of specific learning processes such stating hypotheses and designing ex-
periments (e.g., Friedler, Nachmias, & Linn, 1990). Furthermore, a paramount characteristic of
discovery learning is that the learner is in control of the learning process. This learner cen-
teredness of discovery learning makes regulative processes (for example, planning and moni-
toring) play a crucia role in the learning process (e.g., Njoo & De Jong, 1993). A relatively
large number of studies point to regulation of the learning process as a key problem for learn-
ers engaged in discovery learning (e.g., Charney, Reder, & Kusbit, 1990; Glaser, Schauble,
Raghavan, & Zeitz, 1992; Lavoie & Good, 1988; Simmons & Lunetta, 1993; Shute & Glaser,
1990; Schauble, Glaser, Raghavan, & Reiner, 1991; Teodoro, 1992).

Supporting learners in their regulative processes can be done in several ways. One way to
help learners in the planning process is to give them assignments. Assignments tell the learner
what to do, and in this way support the planning process. Assignments are small exercises that
point the learner to specific elements of the simulation model. Assignments can also take the
form of questions (Showalter, 1970; Tabak, Smith, Sandoval, & Reiser, 1996; Zietsman & Hew-
son, 1986) or games (White, 1984; 1993). De Jong et al. (1994) described different types of
assignments that can be used in combination with simulations. For example, investigation as-
signments prompt learners to find the relationship between two or more variables, while speci-
fication assignments ask learners to predict the value of a certain variable. Explicitation assign-
ments ask learnersto explain a certain phenomenon in the simulation environment. White (1984)
reported that learners working with games gained a higher performance than those who worked
with the pure simulation on a test of qualitative problems. Zietsman and Hewson (1986) used
questions with a simulation on velocity to confront students with their misconceptions. They
were successful in changing students’ models of velocity and position.

A second way to support regulative processes is to restrict the simulation environment, so
that learners do not have to cope with the smulation in its full complexity from the start. This
way of organizing a simulation environment is called model progression. White and Frederik-
sen introduced it in their QUEST system, a computer simulation environment in the domain of
electricity (White & Frederiksen, 1989, 1990). In model progression, the simulation model is
offered in separate steps in which learners gain control over an increasing number of variables.
A number of studies on model progression show that the introduction of model progression can
lead to higher performance by learners (Alessi, 1995; Rieber & Parmley, 1995). However, it has
been found that model progression may not help learners and that it is better to present them
with the simulation in its full complexity all at once (Quinn & Alessi, 1994).

In the present study, we performed an evauation of a discovery environment built around
a simulation in the physics domain of collisions. In the discovery environment, we concentrat-
ed on the effect of providing support for the planning process by means of presenting students
with assignments and model progression. In one experimental condition, students worked with
asimulation that was enhanced with assignments. Students were free to select these assignments
themselves. In a second experimental condition, we introduced model progression in addition
to assignments. For this condition, the simulation was presented in discrete steps and the as-
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signments were organized according to the steps in the model progression. As a control condi-
tion, we used an unsupported simulation.

Learning was evaluated by using a number of assessment procedures. Traditional methods
of assessment ignore the fact that in scientific discovery learning the learning goal is more in
the area of intuitive, qualitative knowledge than formalized knowledge (Berry & Broadbent,
1984; Laurillard, 1992; Lindstrom, Marton, Ottosson, & Laurillard, 1993; White, 1993). An
analysis of experimental studies on simulation-based discovery learning (De Jong & Van Joolin-
gen, 1998) showed that the benefits of discovery learning are more manifest when learning per-
formance is assessed with tests intended to measure qualitative or intuitive knowledge. For this
reason, we included in our experiment atest aimed at measuring this intuitive quality of knowl-
edge following the guidelines by Swaak and De Jong (1996). We expected that the students
would gain intuitive knowledge in the simulation environment, but not traditional, definitional
knowledge. We also expected the differential effects of the experimental conditions to be re-
vealed on the intuitive knowledge test. Finally, for a more detailed analysis of the results, we
registered students’ use of the environment and the workload students experienced while work-
ing with the environment.

Method

Domain

When two or more bodies interact during a certain amount of time, changes in their move-
ments can be observed corresponding to exchanges of momentum, angular momentum, and en-
ergy. In a broad sense, this process is called a collision. Processes of this kind are very com-
mon. An obvious example is the collision between billiard balls. In physics, phenomena such
as the shooting of a bullet and the scattering of an electron by the nucleus of an atom are seen
as collision processes. It is, however, not only the frequency with which these processes are
found in nature that makes the study of collisions so important. Collisions are among the most
basi ¢ phenomenain which afundamental quantity is conserved, and in physics conservation the-
orems play a fundamental role. If we can distinguish a before state (State 1 at Time t1) and an
after state (State 2 at Time t2) for a given process, and we know that a given quantity, say P, is
conserved, no matter how complex the process between those states could be, the value of P at
time t1 can be used to predict the value of P at time t2 without a detailed knowledge of what is
happening between t1 and t2. Within the present study, we are concerned with collisions that
occur in a short time interval. Therefore, we neglect any momentum transfer coming into the
system from the external world. The possible transfer of angular momentum, resulting from fric-
tion between the different objects when they are in contact, is also neglected. The system con-
sists of two particles moving in the same direction (1D head-on collision) and interacting in such
away that the total mechanical energy is conserved (elastic collision). The conservation of mo-
mentum is the basic principle applied to these situations. It takes into account that during the
collision, Newton’s third law holds, so that the forces acting between the two interacting bod-
ies are equal in magnitude and have an opposite direction.

The Smulation Environment: Collision

In the present study, subjects learned with a computer-based |earning environment in which
the central part was a smulation on collisions. In addition to the simulation, the learning envi-
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ronment contained two instructional support measures. model progression and assignments. In
the environment, explanations provided students with the necessary background knowledge
necessary to understand the phenomena they were observing. Since the experiment was con-
ducted in Spain, the simulation environment was in Spanish. Examples given in this article are
trandated.

Model Progression. Model progression divides the domain into a number of levels which
can be studied one at a time to make sure that the student does not receive too much new in-
formation at the same time. In the present simulation environment, five progression levels were
implemented. The first model progression level introduced the subjects to the interpretation of
space versus time diagrams, which is basic information for the remaining levels. The charac-
teristics of the uniform motion were stressed because it is this type of motion that is found in
collisions. At the second level, the 1-D collision between two particles was represented in terms
of the position versus time for both particles. This level contained an introduction of momen-
tum conservation through the analysis of kinematical data. The third level also gave informa-
tion concerning the position versus time of the center of mass (CM) of each particle. The main
objective of this level was to introduce the CM concept as an aternative means of describing
the dynamics of a multiparticle system. At the fourth level, information on position and of mo-
mentum versus time was included in two separate graphs. The momentum exchange and con-
servation of the total momentum were stressed at this level aswell. Thefifth and final level pre-
sented information on position and kinetic energy versus time in two separate graphs. At this
level, the energy exchange and conservation of the total (mechanical) energy for these elastic
collisions were stressed. It was shown that kinetic energy is not conserved during the collision,
but that the initial kinetic energy is equal to the final kinetic energy.

As an example, Figure 1 presents the interface of the simulation part of model progression
Level 3. Students could change input variables in a numerical way. Output was presented in a
graph, as humerical values, and in an animation of two colliding objects. LO corresponds to a
fixed length. If the distance between the particles is greater than LO, the particles do not inter-
act. If this distance is less than LO, arepulsive force starts acting between the particles.

Assignments. At each model progression level, subjects could choose to complete one or
more assignments, small exercises that help to perform a sensible action and that may point to
specific aspects of the smulation model. Collision offered different kinds of assignments, each
type designed to support a different kind of learning process (De Jong et al., 1994). Investiga-
tion assignments asked subjects to investigate the relation between two or more variables. For
instance, the student could be asked to investigate the relationship between the total momentum
before the collision and the same quantity after the collision (to find that it is constant). Such
an assignment stimulated the student to investigate relationships that may otherwise be over-
looked. Explicitation assignments asked the student for an explanation of a phenomenon pre-
sented in the simulation. The assignment offered one or more phenomena to the student by ma-
nipulating the simulation state, and asked the student to provide an explanation of the
phenomena. For instance, the student could be shown a number of different values for the ini-
tial speed, see that the graph is aways a straight line, and explain this by the observation that
constant speeds yield a straight line in a graph. Specification assignments presented the student
with a situation and asked the student to predict the value of a specific variable. For instance,
given the velocities for the two particles and the fact that both masses were equal, the student
had to predict the velocity values after the collision.
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Figurel. Interface of model progression Level 3.

In Collision, students could, at their own initiative, select from a list of available assign-
ments. When a student selected an assignment, the simulation was put in a state that was rele-
vant for the assignment. Upon selection, an assignment activated itself by presenting the text
and setting the simulation in an appropriate way. For investigation and explicitation assign-
ments, the student could choose an answer from a multiple choice list, and feedback was pre-
sented for each (right or wrong) answer. The student completed the specification assignments
by typing in values. The simulation then was played allowing the student to check the answer.

Explanations. In Collision, we used explanations to provide students with necessary back-
ground information. We introduced explanations because we did not want students to get stuck
in the simulation owing to a mistake or lack of basic understanding. Explanations therefore
mainly provided straightforward definitions of central variables in the simulation. Students
could select an explanation from a list that was permanently available. For example, if a stu-
dent selected the explanation that was indicated with the name acceleration, a simple graph was
shown with the text: “The acceleration (green curve) is the time derivative of the velocity (in
red).”

Design

In the study, we compared three versions of basically the same environment. The first con-
dition (Condition 1) was an environment with model progression and assignments. This envi-
ronment contained al five model progression levels as described above, and at each level there
was a number of associated assignments. Subjects were allowed to progress through the model
progression levels at their own pace and could go back to alevel that was aready visited. How-
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ever, they were required to initialy stay at alevel for at least 10 min. Assignments at each lev-
el were available for the subjects without restrictions. In the second condition (Condition 1),
subjects saw only the last two model progression levels (Levels 4 and 5). These two levels pro-
vided different views on the domain; in one, there was an emphasis on momentum, and in the
other, the emphasis was on kinetic energy. Subjects could toggle between the two levels. As-
signments from the other three model progression levels, as far as they were applicable to Lev-
els 4 and 5, were also available, to keep the number of assignments between Conditions | and
[l in the same range. In the third condition (Condition I11), assignments were omitted and sub-
jects saw only model progression Levels 4 and 5 as in Condition Il. In each condition and at
each model progression level, subjects had access to explanations. For Condition I, some ex-
planations were the same at different model progression levels. A total of 20 different explana
tions were available in Condition |. The basic design of the study and an overview of the colli-
sion application for each experimental condition are displayed in Table 1.

Subjects

Subjects were first-year university students from the Computer Science and Biology De-
partments. Owing to practical circumstances, it was impossible to distribute students from these
different backgrounds evenly over experimental conditions. Consequently, subjectsin Condition
| were from the Biology (n = 8) and Computer Science (n = 7) Departments, while subjectsin
the other two groups were from the Biology Department. Biology and computer science stu-
dents have comparable backgrounds in high school but the students from computer science
passed through a more strict selection process to be alowed to study computer science. As a
control, we made separate analyses of the data comparing biology and computer science stu-
dents.

Tests

To assess students’ performance in the environments, two types of test were used: a defin-
itional knowledge test and an intuitive knowledge test. Both tests were presented as pre- and
posttests. For the definitional knowledge test, the same test was used at pre- and posttest, while
parallel versions of the intuitive knowledge test were used. The intuitive knowledge test that we
used is arelatively new test format. To gain insight into the place of this test in the nomologi-
cal network, we used a test that aimed to assess the structure of knowledge. This test was used
as a posttest only, since at that point we expected students to have more intuitive knowledge.

Table 1
Overview Callision for each experimental condition
Condition Subjects MP level Assignments Explanations
| 15 1 10 4
2 4 8
3 3 8
4 3 8
5 4 8
Il 16 4+5 15 14
11 15 4+5 0 14
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Definitional Knowledge. The tests for definitional knowledge concerned knowledge of in-
dividual elements from the domain. Multiple choice items (presenting three answer alternatives)
were used to assess the definitional knowledge about the facts and concepts of the domain. An
example of adefinitional knowledge test item is: “We have a system with two particles with ki-
netic energies of KE1 and KE2, respectively. The total kinetic energy is: (a) KE1-KE2; (b)
(KE1+KE2)/2; (c) KE1+KE2.” The definitional knowledge test consisted of 36 multiple choice
items, each with three alternatives.

Intuitive Knowledge. To measure intuitive knowledge, we created the speed what-if test. In
this test, each test item contains three parts: conditions, actions, and predictions. The conditions
and predictions are states in which the system can be. They are displayed as a simulation out-
put, and if necessary for students’ understanding, are accompanied with a minimum amount of
text. The action, or the change of a variable within the system, is presented in text. The speed
what-if task requires the student to decide as accurately and quickly as possible which of the
predicted states follows from a given condition as a result of the action that is displayed. The
items of the task are kept as simple as the domain permits. The design of this type of test is dis-
cussed in Swaak and De Jong (1996). Figure 2 presents two exampl es of items tapping intuitive
knowledge. To determine the level of intuitive knowledge, both correctness and answer time
were used. The intuitive knowledge test consisted of 37 items, each with three aternatives.

Sructural Knowledge. A concept-mapping task was used as a structural knowledge test. The
concept-mapping task required students to sort the concepts (variables) of the domain into clus
ters of concepts in a way that represents their view of the domain. The instructions for this test
emphasized that there was no correct or incorrect solution. We used a computerized task in which

What it 19

~What if 37

Figure on the left shows the positions of two
patticles (1,2), and of the Centre of Mass (CM) of
the system. previous to an elastic collision.

Two-Patticle System, _
masses'mi. m2:mli=m2
velocities v1 =0, v2 <0 w0

Which one of the graphs on the right would
correspond 1o the situation after the collision has
taken place?

They collide elastically. .9

ghe velocity of Particle 2 atter the collision will
e

Figure2. Two examples of intuitive knowledge test items.
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concepts of the domain were presented on the computer screen. The student could point with the
mouse to a concept. When the student clicked the mouse, the concept was selected and could be
dragged to the part of the screen where the student wished to create the relevant cluster. The stu-
dent could then select another concept and add it to the already existing cluster or create a new
cluster. The interface allowed for an easy rearrangement of clusters until the subject was satisfied.
Subjects could also use color to indicate the differences between clusters. A total of 22 concepts
were used. These concepts were: kinematics, reference frame, position (r), time (t), velocity (),
acceleration (@), system of particles, Newton's third law, center of mass (CM), collisions, particle
dynamics, Newton’s first law, mass (m), force (F), linear momentum (P), Newton’s second law,
dP(CM)/dt = sum(F _,,,.)» WOrk, energy, kinetic energy, potential energy, and conservation laws.

Measuring Interaction Behavior

We registered all actions students made while interacting with the ssmulation. This provid-
ed us with data on the use of the smulation and the supportive measures that were present. We
introduced a second type of interaction measurement to assess subjectively experienced work-
load. At regular moments, asmall el ectronic questionnaire appeared and subjects had to complete
it before they continued working with the environment. By pulling sliders, subjects could indi-
cate their perceived difficulty of the subject matter, their perceived difficulty of the interaction
with the environment itself (this concerns the human—machine interaction aspects), and their view
on the hel pfulness of the instructional measures (the functionality of the tools) that they had used.
The questionnaire was set to pop up every 20 min, but display was always postponed until an
event occurred that marked the end of a coherent subject’s action, such as closing an explanation
or completing an assignment. This was done to prevent this measurement from interfering with
the discovery behavior. The general assumption behind a subjective technique is that learners are
able to introspect on their cognitive processes. Severa studies indicate that learners seem to have
no difficulty in assigning numerical values to their experienced cognitive load (e.g., Hill et a.,
1992; Paas, van Merriénboer, & Adam, 1994). Moreover, Paas et al. (1994) compared the relia
bility and sensitivity of a rating scale and a cardiovascular measure, and concluded that in in-
structional research the subjective technique met these requirements better.

Procedure

Each experimental session had a duration of approximately 3 h 30 min. It consisted of the
following parts, in chronological order:

1. Introduction. Subjects received a genera introduction in the form of a written docu-
ment explaining the procedure, sessions, and general idea behind discovery learning.
The different support measures as applicable to the experimental condition were then
explained. A short overview of the pre- and posttest, together with a sample item from
each test, were displayed. Finally, students were told that everything they did in the en-
vironment was logged and the meaning of the subjective workload questionnaire was
explained. Students could read this written introduction and ask the experiment leader
questions. They could consult this written introduction throughout the course of the ex-
periment. The introduction was approximately 10 min long.

2. Pretests. After the general introduction, the definitional and intuitive pretest were ad-
ministered. This took approximately 45 min.

3. Practice. After completing the pretests, students received a practice simulation environ-
ment. This environment was built around a simple harmonic oscillator mass—spring sys-
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tem, in which both the mass and the spring constant could be controlled, like the initia
conditions of the collision system (position and velocity of the mass). In this way, mo-
tions with different amplitudes, phases, and frequencies could be obtained and investi-
gated. In this training application, a sample of every kind of assignment used in Colli-
sion was implemented. The appearance of the practice environment was also adapted to
the appearance of the Collision application condition that subjects would receive (e.g.,
no assignments were present if the Collision application also would not contain assign-
ments). The experimental leader made a demonstration using the display of a screen on
an overhead projector. Subjects could ask questions and, upon request, receive persor-
a assistance. Practicing the simulation environment took approximately 10 min.

4. Interaction with Collision. After the introduction, subjects learned with the Collision
environment on their own. The experimental leader was present and could assist with
questions concerning the operating of the environment, but not on the subject matter
content. A minimum time of 45 min and a maximum time of 90 min were set for the
interaction. Twenty-five minutes before the end of the 90-min period, the experimen-
tal leader announced that 25 min remained and repeated how many model progression
levels were present. The decision to move quickly to the final level (if subjects were
not yet there) or stay at alower level was in the hands of the subjects.

5. Posttests. After the interaction with the simulation environment, posttests were pre-
sented. The sequence of presentation was definitional test, intuitive knowledge test
(parallel version), and structural knowledge test. All tests were presented electronical-
ly (as were the pretests). A total of 60 min was alotted for the posttests.

Results

In this section, we report the results on the different knowledge tests and give an account
of the interaction behavior and the subjective workload measure.

Definitional Knowledge Test

The definitional knowledge test was given in the same form at pre- and posttest. It consisted
of 36 multiple choice items each with three alternative answers. Table 2 gives the average num-
ber of correct items for the definitional pre- and posttests, for the three experimental conditions
averaged across students.

The data showed that the overal difference between the definitional pre- and posttest was
significant in favor of the posttest, F(1, 43) = 37.56, p < .05. This means that students gained
definitional knowledge in the experiment. The gain, however, was not large—an average of two

Table 2
Average number of correctly answered items on definitional pretest
and definitional posttest

Condition
| (sim, asn, mp) Il (sim, asn) 111 (Only sim) Overdl
Test M D M D M D M D
Definitional pretest 24 5 21 4 23 4 23 4
Definitional posttest 27 5 24 4 25 4 25 4

Note. n = 36 items. asn = assignments; mp = model progression; sim = simulation.
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items. The biology students in Condition | began with an average score of 21 [standard devia-
tion (SD) = 3]. Students in this condition had an average score of 24 (SD = 4) at the posttest.
Their computer science counterparts started with a higher average score of 27 (SD = 3) and also
gained an average of three items at posttest (score was 30, SD = 3). Comparing scores across
conditions for the complete sample, we did not find differences on definitional posttest scores
between conditions, using an analysis of covariance (ANCOVA) to correct for pretest scores.
Thisimplies that al learning environments were equally effective for definitional knowledge.

Intuitive Knowledge Test

For the intuitive test, items were scored on both the correctness of the answer and the time
used for giving the answer. For response times, we removed outliers using a procedure similar
to the one used in Swaak, Van Joolingen, and De Jong (1998). With this procedure, no more
than 1.6 % of the data were excluded from further analyses. The number of items over which
analyses were conducted differed between students because the removal of outliers was per-
formed based on individual data. For Condition |, an average of 35.6 items remained, while the
average remaining number of items for Conditions Il and 111 was 35.5. Table 3 presents the re-
sults on the intuitive knowledge test.

A repeated measurement analyses showed significant overall differences between pre- and
posttest on number of correct items, F(1, 43) = 36.34, p < .05, and aso on test completion
times, F(1, 43) = 125.09, p < .05. This indicates that the students improved on both correct-
ness score and completion time.

An ANCOVA on the what-if posttest correctness scores, using the pretest as a covariate, did
not reveal differences between the experimental conditions, F(2, 42) = 1.38, p > .10. As was
the case for the definitiona test, the computer science students in Condition | started with bet-
ter scores than did the biology students. The differences between the scores, however, were
rather small [average scores 21 (SD = 4) and 20 (SD = 5)]. However, the gain in scores was
much higher for the computer science students [from 21 to 30 (SD = 3)] compared to the biol-
ogy students [from 20 to 22 (SD = 6)]. This may point to a differential learning effect based on
characteristics of the students.

An ANCOVA on the what-if posttest completion times, using the pretest as a covariate, re-
vealed differences between the experimental conditions, F(2, 42) = 3.66, p < .05. In compar-

Table 3
Means and standard deviations for intuitive pre- and posttests (time in seconds
to answer an item)

Condition
| (sim, asn, mp) Il (sim, asn) [l (Only sim) Overdll

Test factors M D M D M D M D
What-if pretest 21 5 17 3 19 3 19 4

correctness
What-if posttest 26 6 21 5 22 4 23 5

correctness
What-if pretest time 29 6 36 9 37 6 34 8
What-if posttest time 19 4 22 6 27 8 23 7

Note. asn = assignments; mp = model progression; sm = simulation.
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ing the two groups of students in Condition I, we saw different starting level for the completion
time averages of 26 s (SD = 5) and 31 s (SD = 5) for computer science and biology students,
respectively. Both the computer science and biology students in Condition 1 gain an average of
10 sin their answering time. When we removed the computer science students from Condition
I, an ANCOVA on the what-if completion times did not show overall differences between the
experimental conditions at an « level of .05, but did at an « level of .10, F(2, 35) = 2.80,
p = .07. Removing these seven students, however, lowered the power of the test. An ANCO-
VA on the what-if completion times comparing just Conditions Il and 111 showed a significant
difference, F(1, 28) = 4.52, p < .05, in favor of Condition I1. An ANCOVA on the what-if com-
pletion times comparing Conditions | and 111 only showed a significant difference at an « level
of .10, F(1, 27) = 357, p = .07.

Following our definition of intuitive knowledge (we defined intuitive as being correct and
quick on items of the what-if type), we expected a low correlation between answer time and
correctness score. As expected we found no tradeoff between correctness and speed. [The cor-
relation between answer time and correctness had avalue of r = —.17, p > .10 for the what-if
pretest items and avalue of r = —.23, p > .10 for the what-if posttest items (within students,
across items)]. Computed within items and across students, the values were r = .02, p > .10
and r = —.27, p > .10 for the pretest and posttest, respectively. When we looked at the item
response times for correct and incorrect items separately, the data showed small differencesin
answer time between correct and incorrect items at both the pretest [average of 33 s(SD = 8.3)
for correct items and 35 s (SD = 8.3) for incorrect items] and posttest [average of 22 s (SD =
9.0) for the correct items and 24 (SD = 6.9) for the incorrect items]. Because of these small dif-
ferences, separate analyses were not made.

Sructural Knowledge Test

To assess students' performance on the structural knowledge test, we used concept maps
created by two experts (physics teachers and coauthors of this article) as criteria. Subjects’ con-
cept maps were transformed into similarity matrices. Similarity of concepts was given a one if
two concepts appeared in the same group and a zero if two concepts belonged to different
groups. The same procedure was followed for the two expert concept maps. For each subject,
the proximity between the subject’s matrix and the two expert matrices were calculated using a
formulaintroduced by De Jong and Ferguson-Hessler (1986). The proximity measure equals one
when the expert’s grouping is identical to the subject’s grouping, and may reach a small nega
tive value with very dissimilar groupings. The proximity between the two expert groupings was
high and had a value of .84. Table 4 gives the average proximity measures with both experts

Table 4
Average proximity measures of subjects’ sorting and two experts
Condition
I (sm, asn, mp) Il (sim, asn) 111 (Only sim) Overall
Expert M D M D M D M D
1 44 .15 42 22 40 22 42 .20
2 45 .15 41 .23 41 22 42 .20

Note. asn = assignments; mp = model progression; sm = simulation.
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across the three experimental conditions. The table shows that there were no average differences
between the two experts as criteria.

Univariate analyses of variance revealed no difference between conditions for using either
Expert 1 or Expert 2 as a criterion, F(2, 43) < 1 for both scores.

Relations between the Different Tests

Table 5 displays the correlations between the three knowledge tests across the three condi-
tions. For the what-if speed test, the results for correctness and time are given separately. The
proximity scores for the concept-mapping test are taken separately for the two experts (here in-
dicated as Concept Map | for Expert 1, and Concept Map 11 for Expert 2).

The pattern that emerges from the analysis of the three measuresis two clear clusters. The
first one consists of the definitional test and what-if correctness. The second is the what-if time
aspect. The test for structural knowledge, as measured by concept maps, correlated moderate-
ly with the first cluster but not with the second one, and could be regarded as a third cluster.
These data show that the what-if speed test indeed measured an additional aspect of knowledge
which came out especially at the time aspect of this test. The structural knowledge test had a
partial overlap with the what-if correct aspect, but had no relationship with the what-if speed

aspect.

Interaction Behavior

We registered all actions students made while interacting with the simulation. This provid-
ed data on the use of the simulation and the supportive measures that were present. Because of
technical issues resulting in aloss of log files, it was not possible to collect the interaction data
from all students. In the subsequent analyses, the complete interaction data of 34 subjects were
used. As aresult 15, 12, and 7 subjects remained over Conditions I, 11, and I11, respectively.

Timeon Task. In the experimental procedure, a minimum of 45 min and a maximum of 90
min were set for interacting with the simulation. In Condition | (simulation, model progression,
and assignments) subjects spent an average of 79 min (SD = 21), in Condition Il (simulation
and assignments) 82 min (SD = 11), and in Condition Il (only simulation) 75 min (SD = 18).
An analysis of variance (ANOVA) revealed differences between the experimental conditions,
F(2, 31) = 6.37, p < .01. The Scheffé confidence intervals for locating pairwise differences
showed that only Condition Il significantly differed from Condition Il (t value = 2.39,
p < .05). To determine whether the differences in time could be responsible for the effects of
experimental condition on the intuitive test results, we performed an ANCOVA with interaction

Table 5
Correlations between different aspects of knowledge over all three conditions on posttest

What-if correct What-if speed Concept map | Concept map 11
Definitional .80 (p < .01) —.11 (p < .10) .35 (p < .05) .35 (p < .05)
What-if correct .02 (p > .10) .37 (p < .05) 37 (p < .05)
What-if speed .00 (p > .10) .03 (p > .10)
Concept map | .97 (p < .001)

Note. Levels of significance are in parentheses.
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time and time on the intuitive pretest as covariates. This yielded similar results as those de-
scribed in the section on the intuitive knowledge test.

Number of Runs. Students were active in the simulation. In Condition | (simulation, mod-
el progression, and assignments), students used an average of 49 runs (SD = 23). In Condition
Il (simulation and assignments), subjects used 47 runs (SD = 41) on average. For Condition |11
students (only simulation), an average of 57 runs were employed (SD = 29). We might expect
a higher number of runs in Condition I11, since this condition contained no instructional mea
sures. The figures show that the number of runs was dlightly higher in Condition 11, but it was
not significantly different from the other conditions.

Number of Assignments and Explanations Used. In general, subjects made extensive use
of assignments and explanations. However, differences between subjects’ use of explanations
were considerable, with a few subjects using almost no explanations. In Condition I, there was
almost a maximal use of assignments for all students, while students in Condition Il used few-
er assignments. Owing to large individual differences, it was not meaningful to examine the re-
lationships between use of instructional measures (assignments and explanations) and scores on
the knowledge tests.

Subjective Workload

Subjects’ subjective workload was measured by means of the pop-up electronic question-
naire. Subjects’ evaluation of three aspects of the environment were gathered: subject matter dif-
ficulty (Is the subject matter seen as easy or difficult?), system usage (Is working with the sys-
tem easy or difficult?), and usability of tools (Do tools make the learning task easier or more
difficult?). In Condition I11, tools referred only to the explanations that were present in all three
experimental conditions. For each aspect, subjects’ scores could range from 0 to 100, where 100
indicated that the subject matter was extremely difficult, the environment was extremely diffi-
cult to work with, or the tools made the task much more difficult. In Condition | the pop-up
guestionnaire appeared an average of 6.33 times, with a range of 3—9. The average for Condi-
tion Il was 3.42 times and the range was 0-5. In Condition 11, the pop-up questionnaire ap-
pearance had an average of 2.6 times, with arange of 0—3. Across all three conditions, scores
on difficulty correlated .22 with system use (p > .10) and .53 (p < .05) with tools. System use
and tools correlated .47 (p < .05). The correlations, though significant on two of three occa-
sions, were moderate, thus indicating that the three measures assessed different aspects of sub-
jective workload.

A multivariate ANOVA (MANOVA) (using the three ratings as dependent variables) with
the data of 32 subjects revealed differences between the experimental conditions, F(6, 54) =
2.91, p < .05. Subseguent univariate tests showed that the ratings on system appreciation, F(2,
29) = 5.62, p < .01, and on helpfulness of the tools, F(2, 29) = 6.58, p < .01, were responsi-
ble for the differences. The ratings on perceived difficulty did not differ between the experi-
mental conditions. Using Scheffé confidence intervals for locating pairwise differences, we
found that in Condition | (simulation, model progression, and assignments), system use was seen
as |ess troublesome than in Condition 11 (simulation and assignments). Also, the tools were ap-
preciated morein Condition | than in Condition I1. For helpfulness of the tools, a significant dif-
ference, t = 2.97, p < .01, was found only between Conditions | and I11, with the tools being
more appreciated in Condition 1. Again, making a distinction between the two groups of stu-
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dents in Condition |, we found that most of the differences are due to differences between the
scores of the Computer Science and Biology students. A MANOVA (using the three ratings as
dependent variables) with just the subjects of Condition | revealed that the scores for the biol-
ogy and computer science students were different, F(3, 11) = 7.19, p < .05. Subsequent uni-
variate tests showed that the ratings on system appreciation, F(1,13) = 13.02, p < .01, and on
helpfulness of the tools, F(1,13) = 14.21, p < .01, were responsible for the differences. The
ratings on perceived difficulty did not differ between biology and computer science students.
The general conclusion from this is that computer science students and biology students had
similar perceptions regarding domain difficulty, but computer science students appreciated the
environment and the tools more than the biology students did. This seems plausible if we as-
sume that the computer science students have a greater computer affinity. A MANOVA with the
data without the computer science students (a total of 25 subjects remain in this analysis) re-
vealed no differences between the experimental conditions, F(6, 42) < 1. This shows that for
the biology students, adding tools to the environment did not raise their workload.

We also computed correlations between the workload measure and the posttest scores. They
were computed across the experimental conditions and we controlled for the pretest scores. This
control was introduced because preknowledge might influence the perceived difficulty. The par-
tial correlations are displayed in Table 6.

From Table 6, we can see that only correlations for the what-if completion times were sig-
nificant at the .05 level. This indicates that subjects who estimated the subject matter as easier
(low score) had lower response times than subjects who estimated the subject matter as diffi-
cult. Subjects who thought the tools were very helpful (low score) also had relatively low com-
pletion times.

Discussion

Our main objective was to determine whether integrating instructional measures, in the
form of model progression and assignments, into a simulation environment would lead students
to higher performance compared to a simulation environment that did not include these in-
structional measures. In discussing the results of this study, we will aso mention data we gath-
ered in two other studies, conducted around the same time, in other domains of physics: trans-
mission lines (De Jong, Hartel, Swaak, & Van Joolingen, 1996) and harmonic oscillations
(Swaak et al., 1998). Although these studies were different in domain, type of students, and set-
up, they also examined the effect of model progression and assignments.

In De Jong et al. (1996) and Swaak et al. (1998), we found that adding assignments to a
simulation had clear effects. In the current study, this effect was present but much less pro-
nounced. On only one aspect of intuitive knowledge—time—there was a clearly significant dif-
ference on a comparison of two of the conditions. Also, in the current study the learning effects,

Table 6
Partial correlations between knowledge scores (posttests) and measures of workload
Perceived System Helpfulness
difficulty appreciation of tools
Definitional posttest scores —.26 (p > .10) 27 (p > .10) =17 (p > .10)
What-if posttest correctness scores —.12 (p > .10) A7 (p > .10) —-.30(p > .10)

What-if posttest completion times 46 (p < .05) .32 (p < .10) 42 (p < .05)
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though significant, were not very large. We can think of several reasons for this. First, the study
time was not very long. Second, there could have been alarger number of assignments and the
quality of the assignments could have been improved. Based on our experience, we have now
developed a new version of Coallisions, which, apart from a better interface, e.g., more natural
animations, how has more assignments. These assignments now emphasize reading and under-
standing graphs, including matching graphs and animations. In addition, the assignments con-
tain real-life investigations, such as asking the students to make one particle a beach ball and
the other a bowling ball, and run the simulation comparing the momentums of the two balls.

In al three studies, assignments were very popular with students; together with their influ-
ence on the acquisition of knowledge, this makes them good candidates to include in smula-
tion learning environments. Some caution, however, should be exercised, since assignments also
take away students’ responsibility for planning the discovery behavior (see a'so De Jong et a.,
1998-b). An interesting study would be to examine, in a longitudina way, the effects when as-
signments gradually disappear from simulation learning environments used by students over a
longer period in time.

The overall effect of model progression is less clear. In the study by Swaak et a. (1998),
we compared a condition consisting of a pure simulation to a condition where only model pro-
gression was added. In this study, the effect of introducing model progression was close to sig-
nificance on response times for an intuitive knowledge test. In the current study, providing mod-
el progression did not demonstrate an effect. As we already mentioned in the introduction, the
literature is inconclusive on the effects of model progression. We can think of two main reasons
for these inconclusive results. First, the complexity of the domain involved may play arole, with
model progression only of use for complex domains. Our collision domain was not a very com-
plex domain. Second, the initial knowledge of the students may have had an influence. In this
study, the students’ prior knowledge, as measured at the pretest, was substantial. This may have
affected the effectiveness of model progression. In Collision, the first level of model progres-
sion introduced students to basic concepts and graph characteristics. As the results on the pretest
were quite high, it might be that the students did not really need the first level. Levels 2 and 3
introduced elastic collisions and conservation of momentum, respectively. Here, the transition
between levelswas rather small and both |evel s were based on the same underlying model. Thus,
the way we introduced model progression might have been too easy for our subjects. Instead of
introducing more complexity, model progression Levels 4 and 5 (both based on the same mod-
el) gave two different perspectives, a momentum and an energy perspective. The rationale be-
hind Levels 4 and 5 was different from that behind the first three levels. Therefore, model pro-
gression levels are presented not only to support the regulative (planning) processes but aso to
provide multiple perspectives and thus help students build integrated and flexible knowledge
structures (for other examples, see Bennett, 1992; De Jong et a., 1998; Moyse, 1991; Sime,
1998; White & Frederiksen, 1989, 1990). In the current study, however, this was not reflected
in the structural knowledge test. We designed the new Collision environment so that each mod-
el progression level except the introductory one contained all perspectives. In other words, con-
cepts such as position, velocity, kinetic energy, and momentum of the particles were treated both
within each level and across levels of model progression. As a consequence, both a complete
and coherent understanding per level of model progression could be supported. More specifi-
caly, at thelevel of elastic collision against a fixed wall, the concepts of kinetic energy and mo-
mentum before and after the collision were introduced to the learners. At the level of complete
elagtic collisions, it was shown to learners that the elastic collision against afixed wall is a spe-
cial instance of elastic collisions, i.e., with one mass (the wall) far greater than the other. Then,
at complete inelastic collisions, the differences and similarities between elastic and inelastic col-
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lisions were emphasized. Understanding of connections between the levels of model progres-
sion is achieved by using parallel assignments at these three levels.

For complex (learning) environments, workload might be an important factor. Some authors
speculate that adding tools to a learning environment increases the complexity and thus in-
creases workload. This may hinder the positive effects that are expected from adding cognitive
tools as we did here (e.g., Gruber, Graf, Mandl, Renkl, & Stark, 1995). In this study, we mea-
sured subjective workload by means of an electronic questionnaire that appeared on the screen.
Three different aspects of subjective workload were measured: subject matter difficulty, use of
the environment, and usability of the instructional measures. The electronic questionnaire ap-
peared to assess the different aspects of subjective workload as evidenced by the correlations
between the three different measures. The environments from the three experimental conditions
did not differ with respect to subject matter difficulty, but did differ with respect to helpfulness
of instructional measures. Students in Condition | (that included both assignments and model
progression) rated the instructional measures to be more helpful than did students in Condition
[l (that did not include assignments) or Condition Il (the smulation as such with only expla-
nations available). It was also found that Condition |1 students appreciated the instructional mea-
sures more than Condition 111 students did. In any case, there was no indication that a higher
subjective workload resulted from adding instructional measures to the environment. Instead,
evidence for the opposite effect was present. Thisis in line with the results found in Swaak et
al. (1998) when using the same questionnaire.

We questioned whether it made sense to introduce new ways of measuring knowledge in
addition to traditional, definitional knowledge tests. In the current study, we saw a pattern
emerge similar to what was seen in the two related studies (De Jong et a., 1996; Swaak et a.,
1998). First, progress was higher on the test of intuitive knowledge as compared to definition-
al knowledge. Although we expected no increase on definitional knowledge, there was a small
but significant increase that may be attributed to the presence of explanationsin all conditions.
Second, differential effects between conditions came out only at the test of intuitive knowledge.
In the present study, effects came out at the time aspect of the test for intuitive knowledge.
This made a coherent pattern with other measures. In the correlational analysis, we found
that the time scores formed a separate cluster from what-if correct scores and definitional test
scores, and performance on the structural knowledge test. We also found that the data we gath-
ered on the three aspects of subjective workload (subject matter difficulty, system usage, and
usability of tools) correlated sensibly with what-if time scores. Low completion times were
associated with rating the subject matter difficulty as easier, greater appreciation of the tools,
and (close to significance) greater appreciation of the environment. Based on the results of this
and previous studies, we conclude that to estimate the effects of simulation-based discovery en-
vironments fairly, it is necessary to introduce measures that differ from the traditional defini-
tional tests.

In conclusion, we fedl that this study has contributed to the understanding of how to support
learnersin their discovery learning process. As other studies have shown, assignments help learn-
ers to gain intuitive knowledge, while the role of model progression is less clear. Finally, this
study gives some indication that learner characteristics may play arole in discovery learning.

The current study was performed within the SMISLE Project, partially sponsored by the European Com-
mission in the DELTA program as Project D2007. The SMISLE Project is currently continued in the SER-
VIVE Project aso partially sponsored by the European Commission (Project ET 1020). The authors thank
the reviewers from this journal for their extensive commentaries. They suggested, among other things, ad-
ditional analyses that helped the authors to improve the study.
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