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involved. And indeed, as Klahr et al. state, "compared to the binary feedback
provided to subjects in the typical psychology experiment, real-world evidence
evaluation is not so straightforward" (p. 114). They reported that the misinter-
pretation of data most likely resulted in a confirmation of the current hypothesis,
thus suggesting that the hypothesis that a subject holds may direct the interpreta-
tion of data (see also Chinn & Brewer, 1993; Kuhn et al., 1992).

The interpretation of graphs, a frequently needed skill when interacting with
simulations, is also clearly a difficult process. Linn, Layman, and Nachmias
(1987) compared a group of students who worked in a "microcomputer-based
laboratory™ (MBL) with students from traditional classes. In the MBL students
carried out experiments in the field of heat and temperature. The output of these
experiments was given in the form of dynamically generated graphs. Linn et al.
found that students' graphing abilities increased as a result of working with the
MBL, but that on the more complicated graphing skills (for example, comparing
different graphs) difficulties still existed after the MBL course. Mokros and
Tinker (1987) placed students in computer labs where they could generate graphs
on the basis of experiments and where they were encouraged to make graphical
predictions. Mokros and Tinker found that children's initial problems in interpret-
ing graphs disappeared quickly.

Regulation of Discovery Learning

For regulative processes it is frequently reported that successful learners use
systematic planning and monitoring, whereas unsuccessful learners work in an
unsystematic way (e.g., Lavoie & Good, 1988; Simmons & Lunetta, 1993). Shute
and Glaser (1990) claim that successful learners plan their experiments and
manipulations to a greater extent and pay more attention to issues of data manage-
ment. Glaser et al. (1992) reported that successful discoverers followed a plan
over experiments, whereas unsuccessful ones used a more random strategy,
concentrating at local decisions, which also gave them the problem of monitoring
what they had been doing (see also Schauble, Glaser, et al., 1991). Though Glaser
et al. mentioned persistence in following a goal as a characteristic of good
learners, these successful subjects were also ready to leave a route when it
apparently would not lead to success. Goal setting is also reported as a problem
(for subjects with low prior knowledge) by Charney, Reder, and Kusbit (1990). In
a more general way Veenman and Elshout (1995) found that, over a number of
studies, individuals with a high intellectual ability showed a better working
method than individuals with a low intellectual ability, but also that working
method made its own contribution to learning outcome on top of intellectual
ability. For the process of monitoring, differences between successful and unsuc-
cessful learners are reported by Lavoie and Good, who found that good learners
make more notes during learning, and by Schauble, Glaser, et al, who found that
successful learners recorded data more systematically.

Combining Simulations and Instructional Support

The previous section presented a number of characteristic problems encoun-
tered in scientific discovery learning. A number of researchers and designers have
recognized these problems and, in line with the developments in concept discov-

186

Downloaded from http://rer.aera.net at COLUMBIA UNIV on September 16, 2011



Scientific Discovery Learning With Computer Simulations

ery learning (see, e.g., Mayer, 1987), have provided learners with support in
addition to simulations. In the current section we summarize a number of methods
of supporting learners in the discovery process. The first means of support we
describe is to provide the learner with direct access to domain information.
Subsequently, we present methods that aim to support the learner in specific
discovery processes.

Direct Access to Domain Knowledge

A frequently uttered claim about learning with simulations is that learners
should know something beforehand if discovery learning is to be fruitful. Insuf-
ficient prior knowledge might be the reason that learners do not know which
hypothesis to state, cannot make a good interpretation of data, and engage in
unsystematic experimentation (Glaser et al., 1992; Schauble, Glaser, et al., 1991).
Several authors have introduced access to extra information as a support measure
in a simulation environment, quite often in the form of a (more or less sophisti-
cated) hypertext/hypermedia system (Glaser, Ragahvan, & Schauble, 1988; Lajoie,
1993; Shute, 1993; Thomas & Neilson, 1995). Shute (1993) described an intelli-
gent tutoring system (ITS) on basic principles of electricity in which learners
could ask for a definition of a concept (e.g., ammeter, ampere, charge, circuit,
current) by selecting a term from a menu and follow hypertext links. Shute
reported positive effects of the use of this on-line hypertext dictionary on a
composite posttest measuring declarative and conceptual knowledge, problem
solving, and transfer of knowledge and skills.

A number of authors have pointed to the critical aspect of timing of the
availability of information. Berry and Broadbent (1987) found that providing
information at exactly the moment it is needed by the learner is much more
effective than providing all necessary information before interaction with a simu-
lation begins. Leutner (1993) used a simulation of a fairly complex agricultural
system; the students’ assignment was to optimize agricultural production. Some
students were given information (consisting of domain concepts, facts, rules, and
principles) before interacting with the simulation, whereas other students were
given information (background information on system variables) while interact-
ing with the simulation. Leutner found that permanently available information
helped learners to acquire domain knowledge but that information provided
before the simulation was not effective. For acquiring functional knowledge (the
ability to optimize the outcome of the simulation) the same pattern was found, but
here the results were less direct, because providing the information before or
during the interaction with the simulation was combined with more or less
elaborate experimentation advice. Also, Elshout and Veenman (1992) reported
that subjects who received domain information before working in a simulation
environment (on heat theory) did not profit from this information.

Information must not only be provided by the learning environment but also be
invoked from learners’ memory. Support measures can stimulate learners to
confront their prior knowledge with experimental outcomes. In order to achieve
this, Lewis, Stern, and Linn (1993) provided learners with an electronic notation
form for noting “everyday life examples” of phenomena they observed in a
simulation environment (on thermodynamics).
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Support for Hypothesis Generation

Hypothesis generation is a central process in discovery learning. Several stud-
ies have created support to overcome the problems that learners have with this
process. The Smithtown environment (Shute & Glaser, 1990) offers the learner
support for hypothesis generation by means of a hypothesis menu. This menu
consists of four windows which present parts of a hypothesis—for example,
variables, verbs to indicate change, and connectors. A similar means of support is
the hypothesis scratchpad (Van Joolingen & De Jong, 1991b, 1993). Here learners
are offered different windows for selecting variables, relations, and conditions.
These two approaches offer learners elements of hypotheses that they have to
assemble themselves.

A more directive support for creating hypotheses can be found in CIRCSIM-
TUTOR (Kim, Evens, Michael, & Rovick, 1989), an ITS in the domain of
medicine—specifically, on treating problems associated with blood pressure. In
this simulation students are asked to state qualitatively what will happen to seven
components of the cardiovascular system. As a means of support, they are given
a predefined spreadsheet in which to provide their ideas. One step further is to
offer learners complete hypotheses. In Pathophysiology Tutor (PPT; Michael,
Haque, Rovick, & Evens, 1989) learners can select from lists of predefined
hypotheses, arranged in nested menus. Njoo and De Jong (1993a, 1993b) have
used similar techniques. They conclude that offering predefined hypothesis to
learners positively influences the learning process and the performance of learn-
ers. Quinn and Alessi (1994) forced students to write down, before experimenting,
a single most plausible hypothesis or a list of multiple plausible hypotheses. The
idea is that having more hypotheses available will lead to a strategy of elimination,
which could be better than focusing on one hypothesis at a time. Their data
showed that the multiple hypotheses strategy did indeed lead to more effective
performance (reaching a required state of the simulation), but only if the complex-
ity of the simulation was low. At higher levels of complexity, no advantage of the
multiple hypotheses strategy over the single hypothesis strategy could be found.
The higher effectiveness of the multiple hypotheses strategy could have been
enhanced by the fact that one of the variables included had a counterintuitive
result.

Support for the Design of Experiments

To support a learner in designing experiments the learning environment can
provide experimentation hints. Rivers and Vockell (1987) gave some examples of
such hints, like “It is wise to vary only one variable at a time.” They provided
learners with general experimentation hints of this sort before the learners worked
with computer simulations. This did not affect the learning outcome, but it had an
effect on the students’ experimentation abilities. Hints can also be generated
dynamically on the basis of the actual experimentation behavior of learners. Hints
are then presented if a learner displays nonoptimal learning behavior. An example
of a system containing this type of hint is Smithtown (Shute & Glaser, 1990).
Leutner (1993) studied the effect of providing learners with adaptive advice of
this kind. He found that if the advice had a limited character, it helped to increase
the learner’s domain knowledge, but hindered the acquisition of functional knowl-
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edge. If the advice contained greater detail, then it also helped to increase the
learner’s functional knowledge, though the effect was less clear since it was
combined with giving extra domain information.

Support for Making Predictions

Whereas a hypothesis is a statement about the relations between variables in a
theoretical model, a prediction is a statement about the value(s) of one or more
dependent variables under the influence of one or more independent variables, as
they can actually be observed in the simulation. One specific way to help learners
express predictions is to give them a graphing tool in which they can draw a curve
that depicts the prediction. Lewis et al. (1993) provided learners with such a tool.
Feedback was given to learners by drawing the correct curve in the same diagram
in which the learner’s prediction was drawn. Tait (1994) described a similar
mechanism, but in his case feedback also included explanations of the differences
between the system’s curve and the learner’s curve. Reimann (1991), in an
environment on the refraction of light, provided learners with the opportunity to
give predictions at three levels of precision: as numerical data, as a drawn graph,
and as an area in which the graph would be located.

Support for Regulative Learning Processes

Regulative processes are the processes that manage the learning process. Regu-
lative aspects such as planfulness and systematicity are regarded as central char-
acteristics of successful discovery learning (Glaser et al., 1992; Schauble et al.,
1995). The two most central regulative processes are planning and monitoring (De
Jong & Njoo, 1992), both of which can be supported by introducing model
progression into the simulation environment. In addition to model progression, we
found specific measures for supporting planning or monitoring. Finally, regula-
tive processes can be supported by structuring the discovery process.

Model progression. The basic idea behind model progression is that presenting
the learner with the full complexity of the simulation at once may be too over-
whelming. In model progression the model is introduced gradually, step by step.
White and Frederiksen’s (1989, 1990) work on QUEST is one of the best known
applications of model progression. In QUEST, electrical systems and models of
electrical circuits differ in order (qualitative or quantitative models), degree of
elaboration (number of variables and relations between variables), and perspec-
tive. While learning with QUEST, learners are confronted with models that
advance from a qualitative to a quantitative nature, that are more elaborated, and
that transform from a functional to a physical perspective. In this respect the
instructional sequence follows the (assumed) transition from a novice knowledge
state to an expert one. As far as we know, no controlled evaluation of QUEST has
been undertaken. Model progression in which the model increases in complexity
for the learner was studied by Swaak, Van Joolingen, and De Jong (1998).
SETCOM is a simulation on harmonic oscillation where the model develops from
free oscillation, through damped oscillation, to oscillation with an external force.
Swaak et al. found that model progression was successful in enlarging the stu-
dents’ intuitive knowledge (but not their definitional knowledge) as compared to
an environment without model progression. In a study in a different domain, but
with the same type of environment, De Jong et al. (in press) found no effect of
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providing learners with model progression on top of giving them assignments.

Quinn and Alessi (1994) performed a study in which students had access to a
simulation (on the spread of a disease within a population) with four input
variables. One group started off with access to all four input variables; one group
practiced with three variables before proceeding to the full simulation; and the last
group started with access to two variables, proceeded to three, and ended with all
four. In all cases students had to minimize the value of one of the output variables.
The data revealed that model progression had no overall positive effect on
performance. Moreover, model progression proved to be less efficient than pro-
viding the students with full complexity at the outset. It should be noted that the
domain used by Quinn and Alessi was quite simple; the variables in the model did
not interact. In another study on a more complex simulation of a multimeter,
Alessi (1995) found that gradually increasing the level of complexity of the
interface was beneficial for initial learning and for transfer. Also, Rieber and
Parmley (1995) found, in the area of Newtonian motion, that subjects learning
with a simulation that provided increasing control over variables scored signifi-
cantly higher on a test measuring application of rules than did subjects who could
exercise control in its full complexity from the start.

Planning support. Planning support may, as Charney et al. (1990) have postu-
lated, be especially helpful for subjects who have low prior knowledge. Planning
support takes away decisions from learners and in this way helps them in manag-
ing the learning process. Support for planning can be given in different ways.
Even in the early days of the use of simulations for scientific discovery learning,
Showalter (1970) recommended using questions as a way to guide the learner
through the discovery process. His questions—for example, “Do rats ever reach
a point at which they don’t learn more?” (p. 49)—focused the learner’s attention
on specific aspects of the simulation. Zietsman and Hewson (1986) used similar
types of questions in conjunction with a simulation on velocity, and Tabak, Smith,
Sandoval, and Reiser (1996) used such questions with the aim of setting goals in
a biological simulation.

White (1984) helped learners to set goals in a simulation of Newtonian mechan-
ics by introducing games. Games, as White uses them, ask learners to reach a
specific state in the simulation—for example, to get a spaceship in the simulation
around a corner without crashing into any walls (p. 78). White found that learners
who learned with a simulation that contained games outperformed learners who
worked with the pure simulation on a test of qualitative problems (containing
questions of the form “What would happen if . . . 7” or “How could one achieve

.. 7 [p. 81]). The ThinkerTools environment (White, 1993) employs games in
a similar way.

De Jong et al. (1994) describe different types of assignments that can be used
in combination with simulations. Types of assignments include (a) investigation
assignments, which prompt students to find the relation between two or more
variables, (b) specification assignments, which ask students to predict a value of
a certain variable, and (c) “explicitation” assignments, which ask the student to
explain a certain phenomenon in the simulation environment. De Jong et al. (in
press), using a simulation on collisions, Swaak et al. (1998), using a simulation on
harmonic oscillation, and De Jong, Hirtel, Swaak, and Van Joolingen (1996),
using a simulation on the physics topic of transmission lines, found that students
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(who were free to choose) used assignments very frequently and that using
assignments had a positive effect on learners’ gaining what these researchers call
intuitive knowledge.

Monitoring support. Support for monitoring one’s own discovery process can
be given by overviews of what has been done in the simulation environment.
Reimann (1991) provided learners in Refract with a notebook facility for storing
numerical and nominal data from experiments. Data in the notebook could be
manipulated, so that (a) experiments could be sorted on values for a specific
variable, (b) experiments could be selected in which a specific variable had a
specified value, and (c) an equation could be calculated over experiments. Also,
the student could replay experiments from the notebook. Similar notebook facili-
ties are present in Smithtown (Shute & Glaser, 1990) and Voltaville (Glaser et al.,
1988). In SHERLOCK learners can receive upon request an overview of all the
actions they have taken so far (Lesgold, Lajoie, Bunzo, & Eggan, 1992). Schauble,
Raghavan, and Glaser (1993) presented monitoring support that not only provided
an overview of the student’s actions, but also offered the opportunity to group
actions under goals and to ask for an “expert view” that gave the relevance of the
student’s actions in the context of a specific goal (e.g., to find the relation between
two variables). (These methods in fact supported both monitoring and planning.)
In all the examples presented here, learners have to select previous experiments
for comparison from the complete set of experiments themselves. Reimann and
Beller (1993) propose a system (CABAT) that selects a previous experiment on
the basis of similarity and proposes this experiment to the learner for comparison.

Structuring the discovery process. Regulative processes can also be supported
by leading the learner through different stages of the process. Several studies have
compared the effects of structured environments (where structuring is quite often
combined with several other measures) with so-called unstructured environments.
Linn and Songer (1991) found that providing students with a sequence of experi-
mentation steps (“Before doing the experiment . . . ,” “Now do the experiment,”
“After doing the experiment . . .”) and with more detailed directions in each of
these steps was effective. They report that up to two and four times as many
students were able to distinguish between central concepts from the domain (heat
and temperature), as compared to students who used an unstructured version of
the environment. Njoo and De Jong (1993b) had learners (students of mechanical
engineering) work with a simulation (on control theory) in conjunction with forms
that had separate cells for writing down the following: variables and parameters,
hypotheses, experiment, prediction, data interpretation, and conclusion. On a test
that measured “qualitative insight” the structured group outperformed a group
who worked with the simulation environment alone.

Gruber, Graf, Mandl, Renkl, and Stark (1995) gave half of their subjects (60
students of a vocational economics school) instruction in making predictions,
comparing predictions to outcomes, and drawing inferences. The other half
received no guidance. The simulation used was in the field of economics and
involved a jeans factory for which profit should be maximized. On a knowledge
test in which students had to make predictions in new situations, the guidance
group outperformed the no-guidance group. White (1993), in her ThinkerTools
environment, forced subjects to follow a four-phase sequence of activities—
“asking questions, doing experiments, formulating laws, and investigating gener-
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alizations” (p. 53)—and provided detailed scaffolding in each phase. White found
a clear advantage for a simulation-based curriculum compared to a traditional
curriculum on a test that measured qualitative predictions in real-world situations.
In a number of experiments, Veenman and Elshout compared the learning behav-
ior and learning result of learners working with structured and unstructured
simulation environments. In the unstructured simulation subjects did not receive
any instructional guidance. In the structured (or “meta-cognitive mediation”)
condition, subjects received “task assignments” and were prompted to “para-
phrase the question, to generate a hypothesis, to think out a detailed action plan,
and to make notes of it.” Also, after they had performed a series of actions, they
were “requested to evaluate their experimental outcomes,” to “draw a conclusion
elaborating on the subject matter, and to make notes” (e.g., Veenman, Elshout, &
Busato, 1994, p. 97). The domains involved were simple electrical circuits, heat
theory, and statistics. In an overall analysis of the data of four of their studies,
Veenman and Elshout (1995) found no overall effect of structuring the environ-
ment. At a more detailed level, they found evidence that low-intelligence subjects
with poor working methods profited from structured environments, whereas this
was not true for low-intelligence subjects with good working methods or for high-
intelligence subjects regardless of their working methods. In this overall analysis,
several performance measures (including tests of factual knowledge and problem
solving tasks) were combined into a single performance score.

We found two studies in which a comparison was made between a structured
simulation environment and traditional, expository instruction. Lewis et al. (1993)
required learners using a structured environment to make predictions before doing
an experiment and to write down “graph comparisons” and “‘conclusions” after
the experiment. Additionally, these learners were encouraged to write down
“everyday examples,” “important points,” “confusion about” notes, and “example
of concept” notes (p. 48). This was done in electronic form using a “Post-it note”
metaphor. Lewis et al. found that, in responding to items that required a funda-
mental understanding of the difference between heat and temperature, students
who had used the structured environment outperformed students who had fol-
lowed the traditional curriculum in the preceding year. In Smithtown (Shute &
Glaser, 1990) learners are taken by the hand and led through a fixed sequence of
actions that is a little less strict than, for example, the sequence from Lewis et al.
(1993). In Smithtown, learners are asked only if they want to make a prediction
before experimentation, and they are not forced to do this. Smithtown includes not
only structuring, but also a wealth of other supportive measures. An evaluation of
Smithtown, using a test that required recall of concepts, failed to show an
advantage of Smithtown over a traditional lesson (though learning with Smithtown
was far more efficient).

99 <6

Conclusion and Discussion

In this article we have given an overview of studies in scientific discovery
learning with computer simulations of conceptual domains. From studies that
empirically examined the discovery learning process we can conclude that a
number of specific skills are needed for a successful discovery. Generally, one can
say that successful discovery learning is related to reasoning from hypotheses, to
applying a systematic and planned discovery process (like systematic variation of
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variable values), and to the use of high-quality heuristics for experimentation.
These skills may have a general character, but can also be more closely related to
a given domain (Glaser et al., 1992). Several problems characteristically encoun-
tered in the discovery process were identified. For the process of hypothesis
generation, a learner’s potential weaknesses include choosing hypotheses that
seem “safe” and unsuccessfully transforming data into a hypothesis, both when
the data are confirming and when they are disconfirming. For designing experi-
ments, we found reports of learners who design inconclusive experiments, who
show inefficient experimentation behavior, who follow a confirmation bias, and
who apply an engineering approach instead of a scientific one. Furthermore,
learners quite often have trouble with the interpretation of data as such. A final
reported problem is that students are not very capable of regulating the learning
process; this is evident in unstructured behavior driven by local decisions rather
than an overall plan and in insufficient monitoring of the learning process.

We also examined instructional measures that are used in conjunction with
simulations. Quite a few of the studies in which instructional measures were
introduced were still in the engineering phase and did not evaluate the effect of the
instructional measure in a controlled manner. Other studies in which the effects of
adding instructional measures were evaluated used combinations of instructional
measures, so that the effect of a specific measure could not be traced. On the basis
of the remaining studies, three individual instructional measures can be seen as
holding the promise of positively influencing learning outcomes. First, providing
direct access to domain information seems effective as long as the information is
presented concurrently with the simulation, so that the information is available at
the appropriate moment. Secondly, providing learners with assignments (or ques-
tions, exercises, or games) seems to have a clear effect on the learning outcome.
Thirdly, learners who use an environment that includes model progression per-
form better than learners who use the same environment without model progres-
sion, though it seems that the model needs to be sufficiently complex if this effect
is to be evident. For other individual measures (e.g., hypothesis support, experi-
mentation hints, monitoring tools, prediction support) the evidence is not substan-
tial enough to warrant general conclusions. Finally, a number of studies on
structuring the environment show that this may lead to more effective learning
than using an unstructured environment, though it should be noted that structuring
the environment in all these studies not only involved dividing up the learning
process into distinct steps, but also included other instructional measures.

A crucial aspect of scientific discovery learning is the instructional goal for
which it is used. Following the earliest ideas on discovery learning, it is frequently
claimed that scientific discovery learning leads to knowledge that is more intuitive
and deeply rooted in a learner’s knowledge base (Berry & Broadbent, 1984;
Laurillard, 1992; Lindstrom, Marton, Ottosson, & Laurillard, 1993; Swaak & De
Jong, 1996) and that has a more qualitative character (White, 1993). It is also
claimed that the results of simulation-based learning are properly measured only
by “tests of application and transfer” (Thomas & Hooper, 1991, p. 500). Support
for this claim is found in studies by Berry and Broadbent (1984), who showed that
while simulations can be effective in teaching the ability to acquire a certain state
in the simulation, this does not necessarily mean that the associated conceptual
knowledge is learned as well. This lack of a relation between ‘“explicable”
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knowledge and “functional” knowledge has also been found for simulations on
business (Anderson & Lawton, 1992), Newtonian motion (with children; Flick,
1990), kinematics (McDermott, 1990), collisions (De Jong et al., in press; Whitelock
et al., 1993), agriculture (Leutner, 1993), a subdomain of economics (Mandl,
Gruber, & Renkl, 1994), acceleration and velocity (Rieber, 1996; Rieber et al.,
1996), and harmonic oscillations (Swaak et al., 1998).

In the studies that we cited in this overview we find support for the importance
of “intuitive” or “deep” knowledge for discovery learning. In studies that com-
pared simulation with expository teaching, Grimes and Willey (1990), for ex-
ample, used a test containing items that asked for “recognition and understand-
ing,” “explicit application,” or “implicit application.” In this study the simulation
group, which showed an overall advantage over the control group, was specifi-
cally successful in items measuring implicit application. In Carlsen and Andre
(1992), simulation groups performed no better on a posttest than did a no-
simulation group; however, when the items were analyzed (by looking at the
alternatives chosen) on the mental models that students had acquired, students
from the simulation groups showed more advanced models. Rieber et al. (1990)
used a test to measure the ability to apply rules from the domain. The simulation
group took significantly less time in answering the posttest questions than did a
group who had received a tutorial enhanced with questions. According to Rieber
et al., this points to more deeply processed knowledge.

In studies where different versions of simulation environments were compared,
we again see an effect of the type of knowledge test used. De Jong et al. (in press)
and Swaak et al. (1998) used a test of definitional knowledge and also a test
measuring “intuitive” knowledge. In the latter test, subjects had to predict what
would happen after a change was introduced in a situation, and they had to make
this prediction as quickly as possible (see also Swaak & De Jong, 1996). Though
learners improved in definitional knowledge when learning with the simulation
environments (which also contained expository information), the gain in intuitive
knowledge was larger. Also, differential effects of simulation environments came
out only on the test of intuitive knowledge.

Finally, the type of knowledge test used also seems to play a role in the studies
that compared structured simulation environments with unstructured ones or with
the normal curriculum. In Linn and Songer (1991) and Lewis et al. (1993) a test
was used that measured qualitative distinctions between central concepts. Njoo
and De Jong (1993a, 1993b) used items that measured qualitative insight, and
Gruber et al. (1995) and White (1993) used tests in which predictions had to be
given (as in De Jong et al., in press, and Swaak et al., 1998). All these studies
showed an advantage for the structured simulation environments. In Veenman
and Elshout (1995), where learners were tested on a combination of qualitative
and definitional knowledge, no overall effect of structuring the environment was
found, with an exception for specific group of learners. Finally, in an evaluation
of Smithtown (Shute & Glaser, 1990), no difference in effectiveness could be
found between a structured simulation environment and a traditional lesson, but
here a test measuring recall of concepts was applied. Advantages of simulations
seem clear when the instructional goal is the mastery of discovery skills. In Rivers
and Vockell (1987), not only was domain knowledge assessed, but also discovery
abilities were measured by a number of general tests (e.g., the Watson-Glaser
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Critical Thinking Appraisal) and by analyzing the trend in scores on a domain
pretest. Rivers and Vockell concluded that students from the simulation curricula
outperformed the control subjects, especially if the simulations contained guid-
ance in the form of hints that pointed to good discovery behavior (see also
Faryniarz & Lockwood, 1992; Woodward, Carnine, & Gersten, 1988).

The development of environments that invite learners to engage in self-directed
(discovery) learning and that provide support tools for the learning process
continues (see, e.g., Suthers, Weiner, Connelly, & Paolucci, 1995). In our view,
therefore, a further and deeper analysis of problems that learners encounter in
discovery learning and a further evaluation of specific ways to support learners
should be the principal items on the current research agenda in this area. Studies
should aim to find out when and how to provide learners with means to overcome
their deficiencies in discovery learning—in other words, when and how to provide
scaffolding for the discovery learning process.

For these evaluation studies there are three additional points of interest. The
first one is that introducing additional support tools is not only meant to enable the
learner to perform certain actions, but can also be used to prevent cognitive
overload (Glaser et al., 1988, p. 63). However, some instructional measures may
also raise cognitive load, by introducing more complexity into the environment.
Gruber et al. (1995), for example, suggest that an increase in cognitive load occurs
when multiple perspectives are introduced into a simulation environment. Further
research on support measures should take into consideration the effects of addi-
tional support measures on cognitive load (see, e.g., De Jong et al., in press;
Swaak et al., 1998). A second aspect of support tools is that in learning environ-
ments these tools can be used as unobtrusive measures, as was recognized by
Glaser et al. (1988) in the design of Voltaville. For example, in SHERLOCK
(Lesgold et al., 1992) the student goes through the diagnostic problem solving
process by choosing from menus of actions. On the one hand, this helps the
student in the planning process; on the other hand, this helps the researcher (the
system) to assess the student’s intentions. In the SHERLOCK environment,
information from this measure, which otherwise serves as a planning tool for the
learner, is utilized for generating adequate hints. Van Joolingen (1995) describes
some principles of how information gathered through a hypothesis scratchpad can
be used for assessing the learner’s actual state of knowledge. The third point of
interest is that the place of simulations in the curriculum should be investigated.
Lavoie and Good (1988) suggest that a “Piagetian” approach be used, which
implies that simulations are introduced in a first phase of learning, where explo-
ration is allowed, and that concepts are formally introduced later, followed finally
by concept application (see also Brant et al., 1991; White, 1993). This suggests a
potential use of computer simulation that differs from the classical, hypothesis-
driven approach.

Only after sufficient research along the lines sketched in this section has been
conducted might an appropriate design theory for instructional simulations arise.
Current attempts at such a theory, though interesting, are necessarily fragmentary
and incomplete (see, e.g., Thurman, 1993). But when such a theory does indeed
arise, discovery learning with simulations can take its place in learning and
instruction as a new line of learning environments, based on technology, in which
more emphasis is given to the learner’s own initiative.
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