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Joolingen, W.R. van, & Jong, T. de (1992). Modelling domain knowledge for 
Intelligent Simulation Learning Environments. Computers and Education, 
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(Chapter 6, with modifications and adapted introduction) 
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1 
INTRODUCTION: COMPUTER SIMULATION 

AND DISCOVERY LEARNING 

In this introductory chapter, the two main aspects of the research topic of this 
thesis are discussed: computer simulation and discovery learning. Computer 
simulations are presented as a means for creating exploratory learning 
environments. First, the global instructional characteristics of simulations are 
discussed, followed by a discussion of discovery or exploratory learning and 
on a related theoretical notion: constructivism. In the final section of this 
chapter, the major research questions that are addressed in this thesis are 
presented. 



2 DISCOVERY LEARNING IN COMPUTER-BASED SIMUlATION ENVIRONMENTS 

1 Computer simulation as a means for learning 

One can hardly deny the impact of information technology on society. In 
almost any context computers provide a new way of looking at old problems, 
providing new or faster solutions. Some of these problems are hardly solvable 
without a computer. 

Education is a context in which the new possibilities that large and 
cheap calculation power offers can have a great impact. The use of computers 
provides teachers and students with a new kind of learning material that is 
flexible, patient and, above all, interactive, that is, the communication 
between the learning material and the learner is two-way and of mixed 
initiative. This is in striking contrast with more traditional materials, like 
books and blackboards, but also more modern, audiovisual learning aids do 
not offer the level of interactivity that a computer program may offer. In fact 
the only component of a learning environment that meets the same level of 
interactivity is the teacher, but teachers are far less available than computers. 

Therefore, attempts have been made to design computer programs 
capable of replacing the teacher. This resulted in educational software 
(courseware) that was in fact a computerized remake of programmed instruc
tion. Examples are the PLATO project (Alpert & Bitzer, 1970) and the 
introduction of courseware applications like drill and practice and tutorials 
(Alessi & Trollip, 1985) and the design of authoring systems directed at this 
type of courseware (Gery, 1987). These types of computer aided instruction 
are in fact a little disappointing for they lack the strong points of a teacher
student interaction. Also the strong points of the computer are not fully 
exploited in this approach. 

A completely different approach to using the computer (or better, information 
technology as a whole) in education is to focus on the strong points of the 
computer: interactivity and fast computing power, and exploit them to the 
fullest extent. One then quickly arrives at an application area in which the 
computer traditionally has been strong: simulation. 

Simulation is imitating a real system by using a model of that system and 
following the rules provided by that model to determine the behaviour of the 
modelled system. Simulation can be done by hand, but it is apparent that 
computers are very suitable for carrying out the calculations needed for 
simulation. In this thesis, the term simulation will be used to designate 
simulation with the use of electronic computers, despite the more general use 
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the word simulation can have. In the next chapter the concepts related to 
simulation are defined more precisely. 

Simulation can be used as an investigation tool: by calculation the properties 
of an unknown system can be determined without having to visit or build the 
real system. Simulation can also be used as a tool in education, for a number 
of reasons (de Jong, 1991; Min, 1987): 

• Simulations can provide an environment for learning inde
pendent of time and place. 

• Simulations can be used for training on systems that would 
otherwise be too dangerous to work with, e.g., with nuclear 
reactors. 

• Simulations can be used for training on systems in which, in 
real life, an inexperienced trainee could cause dangerous 
situations (e.g., as is done with flight simulators). 

• Simulations can enable experiments that would otherwise be 
too expensive. Also it is possible to perform more experi
ments than in real situations. For example Choi & Gennaro 
(1987) found that learners who worked with a simulation 
required 25% of the time used by learners who were work
ing with real experiments to reach the same learning results. 

The above reasons have a rather pragmatic character and make clear why 
simulations enable training on and learning from systems learners might 
otherwise not or seldomly encounter during their educational career. As such, 
simulations are already widely used in instructional settings, for example, in 
training of aircraft pilots, plant operators or maintenance personnel. There are 
also reasons which are more related to the educational setting in which 
simulation may be used: 

• In simulations slow processes can be accelerated and very 
fast processes slowed down to speeds that are comprehen
sible for learners. 

• Simulations can visualize processes that would otherwise not 
be observable, like very small scale processes. 

• Simulations can be used to create ideal or abstract situations 
that do not occur in the real world. 
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These advantages of simulations have in common that simulations can be used 
for demonstrating properties of models that are otherwise hard or impossible 
to show; they characterize a computer simulation as providing a flexible, 
patient, reactive, safe learning environment, even for domains where such an 
environment is not available from real world systeins. For example simula
tions of frictionless worlds (diSessa, 1982; van 't Hul, van Joolingen & 
Lijnse, 1989) may be used to emphasize the concept of force, better than it 
would be possible in real world experiments. 

Simulations, however, also provide an opportunity to introduce a new mode 
of learning. Where, in "traditional" learning environments knowledge is 
transferred by means of direct instruction, simulations provide the learner 
with an exploratory environment in which the learner acquires knowledge by 
performing experiments and drawing conclusions from them. The above
mentioned advantages of simulations furnish that the exploratory setting is an 
efficient and safe one, and that the learner can explore situations that are not 
available otherwise. 

The research presented in this thesis is mainly concerned with these explora
tory simulation environments. Now, the use of simulations for exploratory 
learning will be discussed. 

2 Discovery learning and constructivism: simulations as exploratory 
environments 

In discovery learning learners are invited to discover the properties of the 
domain themselves. It is assumed that learning by discovery results in know
ledge that is deeper rooted and more flexible than knowledge that is obtained 
otherwise (e.g., Wittrock, 1966). As Bruner (1972, p. 406) puts it: "Practice 
in discovering for oneself teaches one to acquire information in a way that 
makes that information more readily viable in problem solving". Bruner also 
establishes a link between the notions of discovery learning and of 
constructivism: 

"( ... )emphasis upon discovery in learning has precisely the 
effect upon the learner of leading him to be a constructionist, 
to organize what he is encountering in a manner not only 
designed to discover regularity and relatedness, but also to 
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avoid the kind of information drift that fails to keep account 
of the uses to which information might have to be put." 
(p.406) 

5 

Recently, constructivism has gained renewed attention in the field of educa
tional research and design (Jonassen, 1991; Duffy & Jonassen 1991a,b; 
Laurillard, 1988; Ferguson-Hessler, 1989). Constructivists state that know
ledge is not merely transferred to the learner, but that the learner builds an 
individual representation of the subject to be learned 

The constructionist approach· to learning requires that the learner is 
no longer seen as being a rather passive actor, but rather as an active agent in 
the learning process. Learning goals are no longer imposed but negotiated. 
Knowledge is no longer absolute but relative to the context in which it is 
used. 

When applied to simulation-based learning, the concepts of constructivism 
and discovery learning result in the notion of exploratory simulation environ
ments. In these environments learners can play around with (explore) the 
simulation by performing experiments with the simulation, watching the 
results of these experiments and drawing conclusions from them (de Jong, 
1991). Ajewole (1991) found that learners exposed to exploratory learning 
showed a more favourable attitude to the subject matter. Peterson, Jungck, 
Sharpe & Finzer (1987) argue that in exploratory learning environments, 
learners would acquire a more qualitative understanding of a domain, as an 
extra to understanding the quantitative aspects. Within the context of this 
thesis the terms discovery learning and exploratory learning will be treated as 
synonyms, albeit that the term discovery learning can have a broader mean
ing. 

The exploratory approach to learning entails that the learner plays the role of 
a scientist. For the construction of knowledge, the learner needs to use 
scientific methods, such as hypothesis formation and testing. The use of these 
methods can even become the goal of the learning setting, as Peterson et al. 
(1987, p. 116) argue: "The goal of the student (novice scientist) working in a 
microworW is not the production of an 'answer' but the development, 
articulation, testing and defense of hypotheses." 

1An exploratory computer simulation can be considered to be a microworld. The term stems 
from Papert (1981) and may have a broader meaning. 
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Nowadays, in everyday life, humans are overwhelmed with informa
tion, out of which new knowledge should emerge. By teaching scientific 
methods, by practising with environments in which this method can be 
applied, people should be more ready to deal with the information flood, 
typical of our society. 

Whether they are the goal of learning with the environment, or just the means 
for pursuing another learning goal, discovery methods like those used by 
scientists are of primary importance for learning with a computer simulation 
in an exploratory environment. This has also been recognized by Njoo and 
De Jong (1991) who have made an inventory of learning processes for 
discovery learning with computer simulations. They distinguish four main 
categories of processes involved with the transformation of information, 
which is the main category relevant for the research presented in this thesis: 

• Model exploration 
• Hypothesis generation 
• Hypothesis testing 
• Evaluation 

The process of model exploration is concerned with identifying variables and 
global model properties. During this process, the first, often not yet well
articulated, ideas about the underlying simulation model may arise, leading to 
the generation of hypotheses about the simulation. Hypotheses must be tested 
to become a part of the learner's (mental) model of the simulation. This 
testing includes the design of an experiment which will be performed with the 
simulation, predicting the outcomes of the experiment, on the basis of the 
hypothesis, performing the experiment and interpreting the results (Njoo & de 
long, 1991). This may lead to rejection of or support for the hypothesis and 
may give rise to the generation of a new hypothesis or a reformulation of an 
old one. Then the process may start over again. Also, the learner can choose 
to investigate another part of the simulation model and state a hypothesis 
about that part. This process can continue until all parts of the simulation 
have been investigated and the learner has discovered the complete model. 

3 Problems with exploratory learning 

In the previous section a rather optimistic view of exploratory learning has 
been sketched. Part of this optimism may well be shared: the basic idea that 
knowledge that is constructed actively by the learner will be more deeply 
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rooted within the learner's knowledge base is an inspiring one. Furthermore, 
in exploratory learning environments, learners can acquire skills necessary for 
doing scientific research. However, exploratory learning also has its pro
blematic sides. 

Ideally, learners will approach a simulation just like a learned scientist would. 
It may, however, well be possible that such an ideal will not be met. 
Learners may find themselves unable to state a hypothesis (Njoo & de Jong, 
1993a), design an experiment suitable to test the hypothesis (Wason, 1960; 
Gorman & Gorman, 1984; Gorman, 1986; Gorman, Stafford & Gorman, 
1987; Mynatt, Doherty and Tweney, 1987, 1988; Tweney et al., 1980), or 
interpret the results of an experiment in a correct way (Klahr & Dunbar, 
1988; O'Brien, Costa, & Overton, 1986). Moreover, they may interact with 
the simulation in an unstructured, undirected way, in other words, they may 
flounder. 

The fact that learners may not be able to carry out one or more of the 
learning processes necessary in the discovery process, raises the need to 
support learners in their discovery process. There are several means of 
supporting a learner while exploring a simulation. The learner may be 
instructed explicitly to perform specific parts of the discovery process, like 
stating a hypothesis. Also the learner may be set a mid-term or long term 
goal by an assignment (e.g., Schauble, Klopfer, & Raghavan, 1991). Njoo 
and de Jong (1993a, b) provided learners with ready-made hypotheses, they 
could test by experimenting with a simulation. Finally, the learner may be 
supported by the presence of tools directed at the performance of one or more 
exploratory processes, like goal decomposition tools (Singley, 1987; 1990), 
or tools assisting in the design of experiments. 

Providing a learner in an exploratory environment with support, like in the 
examples given above, inevitably interferes with the free exploratory nature 
of a simulation environment. For example, in the study by Schauble, Klopfer 
& Raghavan (1991) it was found that learners who received an 'engineering 
problem', i.e., one directed at the performance of the system under investiga
tion, were less likely to explore the system than learners who received a 
'science problem', directed at the investigation of the properties of the 
system. 

Acknowledging that support means interference, the quest should be 
for ways in which this interference may lead to a positive outcome. For 
example Shute (1990) and also Bosschaert, de Jong and Klaassen (1993) have 
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found that learners perform better in a deductive than in an inductive environ
ment, i.e., better in an environment where they were given hypotheses to 
test, rather than where they had to make up hypotheses from the data. In this 
thesis the susceptibility of learning processes to certain supportive measures 
built in a simulation-based learning environment will be investigated. With 
information about the effects of supportive measures on exploratory learning, 
it will be possible to create supportive learning environments around com
puter simulations. 

Creating a computer-based supportive learning environment around a com
puter simulation is related to the field of Intelligent Tutoring Systems 
(Sleeman & Brown, 1982; Wenger, 1987; Psotka, Massey & Mutter, 1988; 
Self, 1988). In these systems, learning is facilitated by a built-in tutor, which, 
using techniques from artificial intelligence, generates appropriate instruction. 
Applying this approach to simulation-based learning environments has already 
lead to famous examples, like STEAMER (Hollan, Hutchins & Weitzman, 
1984) and WEST (Burton & Brown, 1982), but these systems cannot be 
classified as exploratory environments. In the case of simulation-based 
exploratory learning, the role of the tutor should be modest, as not to inter
fere with the creation and modification by the learner of a private knowledge 
base, a mental model (see Gentner and Stevens, 1983) of the simulation. 
However, as will be shown in the current thesis, there will be a role for a 
tutoring module· in a simulation-based, exploratory learning environment. 
This tutoring component will not provide the learner with direct instruction, 
but will select the appropriate supportive measures, based on an analysis of 
the learner's domain knowledge and the learner's ability to perform relevant 
learning processes. 

4 Research questions and guide to the thesis 

When looking for means of support for exploratory learning in simulation
based learning environments, it is first necessary to understand the explora
tory learning processes in more detail. Especially, the learning processes of 
hypothesis formation and design of experiments (Njoo & de long, 1991) 
require closer study. Therefore, the first research goal for this thesis is a 
detailed insight in the nature of these learning processes. Furthermore, their 
sensitivity to specific supportive measures will be addressed, as well as the 
conditions and motivations for applying the learning processes. This yields 
the following three main research questions for this thesis: 
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• How can the process of exploration be described within the 
context of exploratory simulation-based learning environ
ments? 

• Can the exploratory learning process be influenced without 
disrupting free exploration? 

• Under which conditions do specific exploratory processes 
within simulation learning environments take place? 

9 

The first of these questions will be attacked from a theoretical viewpoint. 
Based on the structure of exploratory learning environment, both from the 
simulationist viewpoint (Chapter 2) and from a viewpoint stemming from 
qualitative reasoning research (Chapter 3) and present day theory on explora
tory and inductive learning, a theoretical framework is presented for desc
ribing the most important exploratory learning processes (Chapter 4). 

This theoretical framework allows for an operationalization of the 
remaining research questions which will be addressed in experimental studies, 
described in Chapters 6-8, whereas Chapter 5 contains a description of the 
domain and simulation environment used in these studies. 

The studies presented in Chapters 6 and 7 introduce an instrument for 
supporting hypothesis formation, in the form of a tool given to the learner, 
which can be used for stating hypotheses, a hypothesis scratchpad. The effect 
of supplying the learner with such an instrument under different conditions is 
the subject of investigation in the first two experimental studies. 

The third experimental study, described in Chapter 8, addresses the 
third research question. This study is a detailed investigation into the 
conditions under which learners apply specific subprocesses of hypothesis 
formation, that have proved to be problematic in the first two studies. This 
study reveals the problematic side of learner's exploratory behaviour. Using 
this information the conditions for giving instructional support to the learner 
can be found. 

In Chapter 9 a computer program for making automatic analysis of hypoth
eses stated by the learner is presented. This program is based on the theore
tical framework of Chapter 4 and shows how the information provided by the 
learner can be used to derive new information needed to monitor the learners 
exploratory behaviour. The program demonstrates how the theoretical ideas 
presented in this thesis may be applied in practical learning environments. 
Finally, some concluding remarks are made in Chapter 10. 
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2 
CHARACfERISTICS OF SIMULATIONS 

FOR INSTRUCfiONAL SETTINGS 

This chapter serves as a general introduction to simulations. The internal 
characteristics of simulations are discussed. The major part of the chapter is 
concerned with models and their relation with the domain. Some central 
concepts regarding modelling and simulation are defined. Also an investiga
tion is made of several types of models, like quantitative and qualitative 
models. Finally, different ways to classify simulations as used in instructional 
environments are discussed. 
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l Concepts of modelling and simulation 

1.1 MODELS AND SIMULATION 

1.1.1 Models 
A model is a representation of a certain system. A model is designed to be an 
analogy of the system under study. This means that elements of the modelJed 
system will have counterparts in the model and vice versa. An important 
feature of a model is that, because of the analogy between the model and the 
modelled system, it is possible to obtain information about the modelled 
system by studying properties of the model. 

Bertels and Nauta ( 1976) distinguish many kinds of models by 
developing a multitude of classifications for models. For the purpose of this 
thesis only two classifications are important: empirical vs. formal models and 
quantitative vs. qualitative models. Empirical models are physical systems 
which have some resemblance to the modelled system. Formal models are a 
set of relations between abstract concepts. For the current purposes only 
formal models are of interest, since only formal models may allow implemen
tation on a computer. When, in this chapter, the term model is used, it refers 
to formal models. Qualitative and quantitative models both can be formal 
models. 

In the case of quantitative models the relations between the various 
model elements a:·re described by quantitative mathematical relations, in the 
second case the model consists of a number of propositions about qualitative 
concepts. Qualitative simulation is considered to be in the domain of artificial 
intelligence (Kuipers, 1986; Fishwick, 1989a,b; Bredeweg, 1992). 

1.1.2 Modelling concepts 
Zeigler (1976) distinguishes a number of concepts in relation to modelling. 
First, there is the real system2 which is to be modelled. According to Zeigler, 
at least in principle, there can be a base model of this system, which 
describes every aspect of the complete real system. Most of the time, one 
does not want to capture all aspects of a system, but only those aspects that 
are of interest for a given purpose. Therefore, lumped models can be derived 

:r.rhe term real system must be understood in a broad sense as the system that is modelled. 
In practice that can be a real, physical system but also a hypothetical system, like a non-existing 
apparatus or an idealized world, e.g. a world without friction. For this latter kind of system the 
term 'real system' is not really applicable but the term will be used for all systems that are 
modelled. 
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from the base model, which describe only a subset of the real system. This 
subset is defined by an experimental frame. This experimental frame serves as 
a filter which selects information that is relevant for a specific purpose. Since 
a lumped model only describes a part of the real system, the experimental 
frame also determines the subset of the data, obtainable from the real system 
that will be described by the lumped model. 

Modelling a system always implies simplifying it, and in this respect 
the concept of an experimental frame is a useful one. The experimental frame 
restricts the view of the observer and the modeller to that part of the real 
system that is interesting for a specific purpose. It also defines limits on the 
experimental instruments used to retrieve information from the real system. 
For instance, an experimental frame can determine that measurements can 
only take place at sharply defined, discrete time points, or that some details 
of the system cannot be perceived by the observer, in which case it is not 
necessary to model those details. 

Whereas the concept of the experimental frame is useful, one may 
doubt the usability of the concept of base model. In practice it is mostly 
neither useful nor possible to construct such a model, capturing all possible 
aspects of the modelled system. For example, for models of ecological 
systems, the base model should contain descriptions of the interactions 
between species, but also of the biological, chemical and physical processes 
taking place within organisms. In fact, the only 'base model' of a system will 
be the system itself. In practice, modelling will not take place by constructing 
a base model, followed by a reduction of this model, with the help of an 
experimental frame, to a lumped model, but merely by identifying the 
interesting aspects of the real system and modelling these directly, yielding a 
lumped model. That is, the function of the experimental frame is more to 
reduce and structure the data obtained from the real system than to reduce the 
base model, as originally meant by Zeigler. 

In Figure 2-1 an overview is given of the relations between the real 
system, the base model, the 'filtered data' to be modelled by the lumped 
model and this lumped model. This figure illustrates the double role of the 
experimental frame: it serves both as a filter for the data to be taken into 
account for modelling and as a titter determining a subset of the base model, 
the lumped model. Because of the unclear state of the base model, the box 
representing it as well as the connections to and from it have been greyed. 

A formal model that can be used for simulation has at least two 
components: a state, representing the state of the real system and a set of 
rules, characterizing the possible changes of the state, depending on time or 
internal or external influences. Both state description and rules strongly 
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· Real System Base model 

Experimental frame 

Filtered data Lumped model 

Figure 2-1 The relalions between the different model concepts as identified by Zeigler (1976) 

depend on the type of the model. These concepts will become clearer when 
specific model types are discussed. 

1.1. 3 Simulation 
Simulation is experimenting with a model of a system in order to retrieve 
information about the model and the modelled system. Simulation is carried 
out by applying the model rules to the model state. For obvious reasons, 
simulations are often carried out by means of electronic computers. This 
implies that the model must have a formal · representation, which· can be 
interpreted by the computer software and can be used to calculate the devel
opment of the state in an unambiguous way. 

1.2 QUANTITATIVE MODELS 

1.2.1 Types and representations of quantitative models 
The main concept in the description of models is that of variables. In quanti
tative models variables represent quantities that play a role in the modelled 
system. A variable can be an input or an output quantity or an internal 
quantity, attributed to the modelled system. The latter kind of quantity is part 
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of the model but no 'real world' quantity that can be directly measured can 
be associated with it, only some hypothetical quantity can be associated with 
these variables3

• The purpose of a quantitative model is to describe the input
output behaviour of the system by defining relations between the various 
variables and thus defining the development of the model state. The experi
mental frame then defines which states of the real system correspond to the 
model states. 

A distinction is made between dependent and independent variables. Indepen
dent variables are those variables that are not influenced by other variables in 
the model. The values of the independent variables originate from sources 
outside the simulation model, for example, they can be provided by a user of 
the simulation. Mostly, the number of independent variables is small; the 
complexity of the model rises strongly with the number of independent 
variables. When one of the independent variables is time, the model is called 
dynamic, otherwise it is called static. 

Dependent variables are a function of the independent variables 
and/or each other. The number of dependent variables is unlimited, in 
principle. In practice numbers of one to several thousands occur. 

In the case of dynamic models the notion of dependent and indepen
dent variables is less clear. Dynamic models are often described by a set of 
differential equations. In mathematical terminology, in differential equations 
the term 'independent variable' is reserved for the variables over which an 
integration can be performed. Usually, there is only one such independent 
variable: time. The nature of ordinary differential equations implies that the 
choice of initial values for the 'dependent' variables is still free for those 
dependent variables that are mutually independent. Of course, there may be 
more quantities that may be controlled independently of other variables. For 
example, in a model of a pendulum, which may be described by one ordinary 
differential equation, the choice for the length of the pendulum is independent 
of any other variable. These variables will also be termed 'independent 
variables', in contrast to the mathematical terminology. 

Systems that are modelled can be of very different types. Therefore, the 
models for these systems may have a different nature (Pritsker & Pegden, 

30ften this kind of internal variables are assigned an artificial meaning. An example is the 
term "susceptibility•, in the field of magnetics, which is nothing more that an internal variable 
in the model of electromagnetism in solids but is now considered as a magnetic property of 
solids. 
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1979). An important dimension of dynamic models is continuity, which is a 
property of the variables of the model. For example, the dependent variable 
in a model of a population of rabbits is the number of rabbits, which is 
always an integer. This implies that in a model the number of rabbits will be 
a discontinuous function of time. On the other hand, the charge of a capacitor 
will be modelled by an irrational number, and the charge will be a continuous 
function of time. 

Models are classified in discrete-discrete, discrete-continuous, 
continuous-discrete and continuous-continuous (Pritsker & Pegden, 1979), 
where the first word in each term applies to the dependent variables in the 
model, the second to the independent variables. It turns out that the continuity 
of the dependent variable(s) determines more deeply the characteristics of the 
model than the continuity of the independent variable(s) does. Therefore, a 
major classification is made between discrete and continuous models, depen
ding on the continuity of the dependent variable(s). 

Besides these categories a third one is possible. An example is the 
concentration of a chemical reactant in a vessel. In general, the value of this 
concentration changes continuously over time, but when a certain amount of 
reactant is added to the vessel, the concentration changes discontinuously. 
This type of model, which allows both discrete and continuous variables, will 
be called a hybrid or mixed model. 

An important concept in modelling is the concept of state, as previously 
noted. For quantitative models this concept can now be defined: A subset of 
the set of values of variables is a state when from this subset the values of all 
other variables can be calculated. Mostly, several choices can be made for 
defining the state. A variable, of which the value is included in the state is 
called a state variable. 

State space is the set of all possible values which the state variables 
can take. When there are N variables in the state, the state space will beN
dimensional. lbe state of a model can be represented by a single point in 
state space. A change in the choice of variables in the state corresponds with 
a different choice of coordinates in state space. 

1.2.2 Discrete Models 
As previously noted, the dependent variables of discrete models only take 
discrete values. In other words, the state space is discrete. For discrete 
models an event occurs when the value of one of the state variables changes. 
When the events occur only after fixed time intervals, the model is discrete
discrete, otherwise it is discrete-continuous. In the latter case, the eventS can 
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occur at any time. This is the case at a post office where customers can enter, 
wait and be served at any time. 

Discrete models are often subdivided in objects, small submodels, 
describing identifiable subsystems of the real system. An object may have a 
limited life-cycle within the model. It is being created (the customer enters 
the post office ... ), processed ( .. .is being served ... ), and deleted ( ... and exits 
the office). This is called a process. A part of this process is the activity that 
is undertaken with the object. A third concept is the event. In the example of 
the post office there are three events: the entrance, the start of service and the 
end of service/exit. A model of a post office can be represented in a symbolic 
system from three different viewpoints or approaches, depending on the type 
of elements that are regarded to be central: events, activities or processes 
(Pritsker & Pegden, 1979). In the following sections each of these approaches 
will be discussed in more detail. 

The event approach 
In an event-based approach to simulation, the process of simulation can be 
described as follows, in pseudocode: 

central processor 
begin 

initialize system 
while not end of simulation do 

check event list; 

od 
end 

t := time of next event; 
handle next event 

An important element in this approach is the event list, which holds a record 
of all future events. A simulation step consists of retrieving the next event, 
setting the simulation time to the time at which this event will take place and 
handling the event, i.e., executing the instructions which describe the event. 
Handling an event influences the state of the system and the event list. For 
example, in the event approach, a model of a post office with a single teller 
and a single queue is represented as follows: 
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handle arrival event 
begin 

if teller idle 
then 

teller := busy; 
determine service time of event; 
add end of service event at time= t+ service time 
to event list 

else 
queue := queue + 1 

fi 
end 

handle end of service event 
begin 

if queue = 0 
then 

teller := idle 
else 

fi 
end 

queue := queue - 1; 
add end of service event at time= t+ service time 
to event list 

It is not necessary to specify a start of service event because this always 
coincides with an, arrival event or an end of service event. The arrival events 
are generated by some external source. An event oriented simulation language 
generally has the central processor included, together with some facilities to 
monitor the process. The user is limited to specifying the state, the types of 
events and the event handling procedures, for which the simulation language 
offers some facilities, like a standard procedure library or the ability to link 
to procedures written in a general purpose programming language. 

The activity approach 
The activity approach implies that the simulation system has to scan all 
possible activities at all possible times to see which activities are currently 
active. Events are implicitly present as the start or end of an activity. 
Whereas, in the event approach the waiting queue was a central object, in the 
activity approach the status of the teller is. This approach is often called the 
activity scanning approach for obvious reasons. Because all activities have to 
be scanned at every possible simulation time this approach results in in
efficient programs and is not used in practice (Bra dey, Fox, & Schrage, 
1977). 
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The process approach 
The process approach (Franta, 1977) takes the objects and their processes as 
central elements of the simulation. The division of the larger system into 
smaller objects is most clear in the process oriented approach. Every object is 
now depicted as a kind of mini-simulation of a subsystem. There is no 
description of a global state but every object has its own 'private' state vari
ables. A central processing procedure keeps all these processes in pace. The 
post office problem is now coded as follows: 

customer 
begin 

enter queue at entrance time; 
wait until removed from queue; 

end; 

teller 
begin 

while not closing time do 
if queue = 0 
then 

become idle; 
wait until queue ~ 0 

else 

fi 
od 

end; 

become busy; 
remove first customer from queue; 
serve until end of service time; 

No specifications are needed for separate events, these are described in every 
separate process description. Of course some global system characteristics 
may need to be described, but most model characteristics are defined implicit
ly in the several process descriptions. The process view of simulation is 
related to object oriented programming (Meyer, 1989). The simulation 
language SIMULA (Franta, 1977), based on the process view on simulation, 
is sometimes considered to be the first object oriented programming lan
guage. 

1.2.3 Continuous models 
In a continuous simulation the process is described in a different way. Now 
the state variables are more explicitly present. The description of the system 
is explicitly in terms of these state variables and related variables. The time 
development of the system's state is controlled by differential or difference 
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equations. Time is divided into small slices, depending on practical conditions 
and the required calculation accuracy. The modelling system calculates the 
state variables and other values as a function of time, depending on the given 
equations. 

An example is a model of the growth of a rabbit population. The 
number of rabbits is described by a continuous variable, called RABBITS. 
The system is described in terms of difference equations, in the language of 
the very simple continuous modelling system DMS (Ogborn, 1985; 1988). 

FERTILITY 
BIRTHS 
RABBITS 
T 

= (1 - RABBITS/MAX) * FO 
= FERTILITY * RABBITS 
= RABBITS + BIRTHS 
= T + 1 

The modelling system calculates from the values at time T the values at time 
T + 1. The user has to supply values for the parameters PO and MAX and 
initial values forT and RABBITS. The simulation system repeatedly executes 
the instructions given above in order to determine the consecutive states. The 
only state variable is the variable RABBITS. The same system can be 
modelled in a system which takes differential equations. In this case the third 
line would read as (in some arbitrary notation): 

D(RABBITS) = BIRTHS 

and the last line would vanish because the system itself takes care of time 
progress. This leaves open the choice of integration technique and integration 
interval and suggests more strongly that the system is continuous. In the case 
of the rabbit population that may not be a wise choice, when the real system 
is monitored from generation to generation. In this case the system is continu
ous-discrete and times between two measurements have no meaning because 
they cannot be observed. T takes the function of a generation counter .. This is 
true in general: a continuous-discrete model can not be described in terms of 
differential eqUations, only difference equations can be used. When a continu
ous-continuous model is represented in terms of difference equations, in 
effect the model will be continuous-discrete. However, the interpretation will 
be different from a 'real' continuous-discrete model, since time points 
between two calculation steps have a meaning in continuous-continuous 
models. Values for variables at such time points can be obtained by interpola
tion. 
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1.2.4 Mixed models 
Within one model, both discrete and continuous processes can take place. For 
example, in a chemical plant the concentration of a certain substance can be 
described by a continuous variable for which some discrete events can take 
place: adding of a great amount of substance to the vessel. These events can 
even be generated by the continuous variables. The decrement of the concen
tration below a certain critical value can trigger an automatic addition of a 
new amount. 

It is not possible to describe these models with any of the types of 
simulation languages characterized before. One solution to this problem is to 
model the continuous variables as discrete objects. This approach has some 
major drawbacks. Accuracy is not easy to control and the process of solving 
the differential equations has to be modelled in a discrete modelling system. 
The other way around, modelling discrete variables in a continuous modelling 
system also doesn't work very well: the modeller cannot use the specific 
features of the event and process approaches. A better solution is to make use 
of a simulation system which can combine both types of variables. 

Both process and event description approaches can be combined with 
continuous variables. In both simulations time is running in the background. 
This makes it possible to calculate the current values of the continuous 
variables at any event. In this type of description the differential/difference 
equations and the process/event descriptions are given separately. In the 
example of a chemical reaction this would be coded as: 

handle add event 
begin -

concentration := concentration + amount/volume 
schedule add event when concentration < critical 
value 

end; 

state {of continuous variables} 
begin 

reaction speed = f(concentration, other variables) 
D(concentration) = reaction speed 
increase time to current time 

end; 

The procedure state is now called at every event in order to calculate the 
current concentration. Within a process oriented approach two types of 
continuous state variables exist. They can be an assigned property of an 
object, in which case they are local, or they can represent a global aspect of 
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the system (e.g., the temperature), in which case they are global. The 
integration of local continuous variables is done within the object descrip
tions. The state evaluation of global variables is done by a procedure which is 
called every time an object requests the values. 

Mixed systems occur very often. In industrial practice almost every 
model that is used has a mixed nature. When large systems are modelled both 
discrete and continuous variables will almost always occur. 'Pure' continuous 
or discrete models only occur as small models and, more importantly, as 
submodels of larger systems. 

1.3 QUALITATIVE MODELS 

For several reasons it may be useful to describe models not in terms of 
quantitative relations but in terms of qualitative relations. Hartog (1989) 
states that in the context of instruction and learning qualitative models are 
extremely important because they are closer to the (mental) model the learner 
is to acquire (see also Chapter 3). 

It should be noted that there is no sharp distinction between quant
itative simulation and qualitative simulation (Fishwick, 1989b). Some 
modelling methods have both qualitative and quantitative aspects. 

In general two types of qualitative modelling can be distinguished. 
The first one describes quantitative aspects of a system qualitatively, for 
example: 'The voltage is oscillating' or 'The temperature is monotonically 
increasing'. The 'second type of qualitative modelling is where non-quant
itative properties of a system (or model) are modelled. An example is a 
model of an electric circuit where only aspects like on and off, connected and 
not connected are taken into account. Fishwick ( 1989b) refers to these two 
model types as quality-based and abstraction-based respectively. In the 
present chapter this terminology will be adopted. 

The experimental frame (see Section 1.1.2) defines the qualitative or 
quantitative nature of the model. The experimental frame determines whether 
quantitative p~operties of a system will be treated as numbers or as qualitative 
properties (resulting in a quality-based model). On the other hand, it is 
possible to map qualitative attributes of a system onto a numerical system, 
with mathematical relations defining the behaviour of the model. Usually this 
will result in a discrete event simulation. Sometimes, it will be hard to tell 
the difference between a discrete event model and an abstraction-based 
model. In a certain sense quality-based models can be compared to continuous 
quantitative models whereas abstraction-based models are comparable to 
discrete quantitative models. 
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1.3.1 Quality-based models 
Bredeweg (1992) provides an overview of several qualitative simulation 
algorithms, which, in terminology used in this chapter, can be viewed as 
quality-based simulation techniques. He distinguishes the following three 
main approaches to qualitative simulation: 

• Component centred approach 
• Process-centred approach 
• Constraint-based approach 

In a component-centred approach, the model is described in terms of compo-
nents which manipulate materials and conduits that transport these materials 
(deK.leer & Brown, 1984). Using these elements a device topology is con
structed, and with each component in this typology a library model is associ
ated. Using the topology, the library model and a qualitative calculus, which 
uses only values from the set{-, 0, +},an envisionment of the system can be 
created. This envisionment consists of a collection of possible state transi
tions, where the states are represented by qualitative values for variables. An 
envisionment is constructed by creating the cross product of all possible 
states, removing inconsistent states, and then perform an interstate analysis, 
resulting in a set of possible and/or necessary state transitions. 

The process centred approach (Forbus, 1984) uses partially ordered quantity 
spaces, individual views and processes for describing qualitative behaviour of 
systems. Individual views model the characteristics of an object or group of 
objects in terms of individuals, whereas processes represent changes in 
individuals. For describing the relations between individuals (in terms of the 
quantity spaces), both within processes and in individual views inequalities, 
(qualitative) proportionalities, correspondences, and influences are used. Each 
of these relation types expresses a certain type of dependency between two 
individuals. 

The individual views and processes are applied to a scenario (a 
description of the characteristics of the modelled system). The qualitative 
reasoning mechanism (QPE, for qualitative process engine) described by 
Forbus (1990) is able to select the appropriate individual views and processes 
for a given scenario on the basis of conditions attached to these primitives. 
Using the selected individual views and processes, the QPE can create a total 
envisionment of the system behaviour. 
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Constraint·based algorithms, of which QSIM (Kuipers, 1986) is the best 
known example, use go.called Qualitative Differential Equations (QDE's) and 
constraints, often based on ordinary differential equations, and use these to 
derive a qualitative behaviour of the modelled system. The description of this 
behaviour is given in terms of landmtlrk values for the dependent variables 
and distinguished time points for time, the only independent variable allowed 
in this description. The description of a state is given in terms of tuples 
<qval, qdir>, where qval is either a landmark value or a pair of neighbour
ing landmark values in which case the value is assumed to be somewhere 
between the landmark values. Qdir is one of the set {decreasing, steady, 
increasing}. The behaviour is derived by generating all possible new states on 
the basis of the current state and then eliminating the new states that violate 
the constraints. 

All qualitative simulation approaches have in common that behaviour, 
expressed in an envisionment or a qualitative behaviour is not always unam· 
biguous. Attempts of decreasing these ambiguities have been undertaken, for 
example, by introducing new types of constraints (Bredeweg, Schut, van den 
Heerik, & van Someren; Kuipers, 1991; Kay & Kuipers, 1992). 

1.3.2 Abstraction·based models 
Abstraction·based models model non·quantitative aspects of systems. These 
aspects may include the state of a switch or a light bulb in an electric circuit. 
An instructional program by White and Frederiksen (1987a,b; 1990), QUEST 
contains three, increasingly complex, models of electronic circuits. Using 
Fishwick's terminology, these models could be classified as abstraction-based, 
quality·based and quantitative. The abstraction-based model is capable of 
generating the new states of every component in the system when something 
in the system is changed, e.g. when a switch is opened or closed the state of 
a bulb (alight or not) will be re~valuated. 

Abstraction-based models, like the one used in QUEST, are useful in 
instructional simulations, both to offer instruction at different levels of 
abstraction and for modelling phenomena that are intrinsically qualitative, like 
logical circuits. In QUEST the qualitative model is followed by semi·quanti
tative·and quantitative ones. 
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2 Classifications of simulation learning environments in literature 

In the preceding sections, the main ingredient of computer simulations has 
been described: the model. In the current section some classifications of 
simulations for instructional use, found in literature will be discussed. As wiiJ 
become clear, most classifications are not based on clear dimensions, which 
results in quite unstructured and seemingly ad hoc categorizations. 

One of the most influential classifications of simulations in education is given 
by Alessi and Trollip (1985). They distinguish the following types of simula
tions: 

• Physical simulations. These are simulations of some physical object, 
giving the learner an opportunity to use it or to learn about it. Typi
cally these are simulations of machines or laboratory equipment. 

• Procedural simulations. In this kind of simulation the learner must 
learn certain skills needed to operate the simulated physical device. A 
typical example is a flight simulator, in which the learner must learn 
the necessary skills for operating an airplane. Diagnosis simulations 
are a subset of procedural simulations. These simulations are con
cerned with trouble shooting: the task of the learner is to locate a 
defective part in a non-functioning device. 

• Situational simulations. In these simulations the learner plays a 
certain role in a particular situation. For example, the learner could 
act as a newly starting teacher at a school, confronted with all kinds 
of problem situations. 

• Process simulations. In process simulations the learner provides a 
model with some initial values and watches the state development. 
There is no possibility of controlling the simulation during run time. 

The classification by Alessi and Trollip introduces two notions related to the 
instructional use of the simulation: the ability of the learner to interact with 
the simulation and the learning goal of using the simulation in instruction. 
The first notion is related to the notion of scenario, that was introduced in 
van Joolingen and de Jong (1991) and with the concept of locus of control 
(Gentner, 1992). Interpreted in this sense, situational simulations have 
internal control, procedural simulations and physical simulations have a 
mixed control and process simulations have external control. Also a differ
ence in learning goals for simulations exists between the several categories 
introduced by Alessi and Trollip. The learning goals associated with the 
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simulation can be procedural, the learning of a certain skill or procedure 
(procedural simulation) or conceptual, aiming at the acquisition of new 
concepts (physical, situational and process simulations) (De Jong et al., 
1992). Alessi and Trollip do not explicitly distinguish these dimensions; in 
their classification the dimensions are not considered independent. 

Reigeluth and Schwartz (1989) present a classification of simulations, based 
on the one by Alessi and Trollip and, what they call, the instructional overlay 
of the simulation scenario and model. They separate: 

• procedural simulations "include both the physical and procedural 
categories described by Alessi and Trollip (1985)". 

• process simulations "teach naturally occurring phenomena composed 
of a specific sequence of events." 

• causal simulations "teach the cause-effect relationship between two or 
more changes." 

To start with, this classification suggests that a physical simulation will 
always have an associated (normative) procedure, which of course will gen
erally, but not necessarily, be true. Process simulations should be placed in 
the context of dynamic simulations. Causal simulations are a special case of 
process simulations, because a specific type of relationships is taught. 

Reigeluth and Schwartz characterize their classification further by 
describing the level of access to variables and parameters the learner has in 
each of the types of models. In the first category, procedural simulations, 
most learner activity can be present. The learner has, in principle, access to 
all (or many) independent variables and can choose any scenario. The interac
tion with the model is completely free. At all times the variables may be 
accessed, unless these are inaccessible due to restrictions imposed by the 
structure of the model. 

Process simulations leave almost no activity for the learner. At the 
most some initial values may be set, but there is neither freedom of choice 
for the scenario nor access to variables during simulation run time. These 
simulations are, in the definition of Reigeluth and Schwartz, almost demon
stration devices. 

Causal simulations leave only a little activity for the learner. The 
learner may choose variables, and watch the effect of his choices. Also the 
number of variables that can be accessed will be small ('two or more') and 
thus does not suggest a large number of manipulable variables. 
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Conkright ( 1985) orders simulations according to the nature of the 'path' the 
learner can take through the simulation. Conkright distinguishes three cat* 
egories: 

• Linear, the learner is, at certain critical moments, confronted with a 
choice between several values for a variable. Only the choice of one 
specific value is allowed in order to proceed with the simulation. 
This kind of computer program can hardly be called 'simulation' 
because the behaviour of the program is predefined. It is not even 
necessary to represent the model in the 'simulation program' because 
all developments of the state are known at implementation time. In 
fact linear simulations are equivalent to traditional form of computer 
aided instruction. 

• Branching, the learner is again confronted with a choice between 
several values but now the simulation may proceed with more than 
one choice of values. This kind of program is already more a simula
tion than the linear program but the number of possible paths that the 
learner can take through the simulation is still finite, so there could 
still be a 'simulation without a model'. 

• Complex - Now the learner is completely free in determining values 
for some variables. In this case there is an infinite number of possible 
paths through the simulation. This really requires a model to be 
implemented in the simulation environment. 

Conkright's classification is mainly concerned with the interaction of the 
learner with the simulation. Conkright does not say anything on the nature of 
the manipulable factors. These may be discrete, continuous or qualitative. 
Also there is no elaboration on the time points at which the learner may 
change or choose values, especially in the complex simulations. Conkright's 
classification is thus a very limited one, that allows situations that we would 
certainly exclude from the definition of simulations, to be called simulations. 

A final classification that is presented was made by Gredler (1986). She 
developed a taxonomy for microcomputer simulations where the assignments 
for the learner and the learner activity are the central criteria for the classifi
cation of computer simulations. She classifies: 

• Structured questions and graphics 'simulations' (Gredler's quotes). 
These are in fact drill and practice or tutorial programs with some 
graphic demonstrations. Gredler is right in putting the word 
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'simulation' between quotes (in fact the same situation as with 
Conkright's linear 'simulations' exists here). 

• Variable assignment exercises. The scenario for the learner is fixed, 
but the learner is free to choose values to assign to certain variables 
or parameters, and to watch the development of the state of the 
model. This type of simulation is similar to Alessi and Trottip's 
process simulation and Conkright's complex simulation. 

• Diagnostic simulations. The learner is confronted with a problem 
which must be solved, e.g. a trouble shooting problem. The strategy 
the learner takes is compared with an expert strategy. 

• Group interactive simulations. A more flexible version of the former 
category. The learner is now completely free in determining the scen
ario. 

Gredler does not succeed in making a sharp distinction between these last two 
categories. 

Gredler gives a checklist in order to classify a simulation. However, 
the checklist results in yet another classification: a further distinction 
(between 'drill and practice' and 'tutorial') for the first category is given and 
the last two categories are combined when using this checklist. 

The main problem with Gredler's classification is that it allows for 
non computational models to be called simulations. She introduces elements 
that do not fit in 'the classifications made in this chapter (giving an assign
ment, and the context (individual vs. group)), but we would place these extra 
elements not directly in the simulation itself but rather in the instructional 
environment that surrounds it (see van Berkum & de Jong, 1991). 

Summarizing these classifications, one sees that the various authors distin
guish various aspects of simulations in instruction, but they seem to distin
guish them in different ways. Some cJassifications are based on internal 
characteristics. of the models, others are more related to the freedom of the 
learner or the learning goals. Instead of trying to classify simulations in a 
number of different categories, it would be better to distinguish a number of 
dimensions along which simulation learning environments can be measured. 
On the-basis of the above classifications, the following list of dimensions can 
be proposed: 
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• The internal characteristics of the simulation model, as introduced in 
Section 1 of the current chapter (like qualitative/quantitative, discrete 
continuous). 

• The locus of control, determining the amount of control the learner 
has in operating the simulation 

• The type of learning goals, which can be procedural or conceptual, 
or a combination of both. 

These three dimensions determine the characteristics of the simulation as used 
within a learning environment. Of course the learning environment can add 
more aspects, like assignments given to the learner and some supportive 
measures, like help systems, that can aid the learner in interacting with the 
simulation. 





3 
REPRESENTING QUALIT A TNE AND 

QUANTITATIVE DOMAIN KNOWLEDGE 

In Chapter 1 computer simulations were introduced as a means for creating 
exploratory learning environments. The goal of such environments is to let 
learners discover themselves the interesting properties of the domain that is 
simulated, instead of merely presenting this information. In order to study 
these exploratory learning processes, a framework is needed to represent the 
knowledge that the learner should acquire. 

The simulation model itself is a representation of domain knowledge, 
but it will be argued in the current chapter that this representation is neither 
sufficient nor suitable for representing conceptual domain knowledge. 
Therefore, an additional domain representation, a conceptual model will be 
presented, suitable for representing qualitative knowledge. In later chapters, 
this model will define the properties of hypothesis space, the theoretical search 
space for describing discovery learning with simulations. 
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1 Knowledge related to computer simulations 

In a computer simulation the information required to run the simulation is 
represented in a model. This nmnable model is defined in terms of a state, 
subject to change due to a set of state transition rules or constraints (see 
Chapter 2). The term 'runnable' means that this description is unambiguous, 
in the sense that for each state, described by a set of variables, there is a well
defined algorithm to generate the transition to another state. This algorithm 
may contain (pseudo-) random processes. This characterises the runnable model 
as a· database of model states defined by the state transition rules or con
straints. 

The current chapter discusses a representation of domain knowledge that can 
be used to describe learners' and experts' knowledge about the domain. One 
may consider the runnable model to play such a role, since it is a complete 
description of the domain in the sense that it is capable of generating all 
possible states. However, the completeness of the runnable model does not 
imply completeness in the sense that all knowledge required to allow teaching 
and describe learning of the domain is available from the runnable model. 
There are two main reasons why this is the case: 

• Much knowledge, contained in the runnable model is only 
present implicitly, therefore unsuitable for direct use in 
teaching. To enable teaching about the domain this knowledge 
should be made explicit. Also the variables and parameters in 
the runnable model are entities without a meaning in them
selves. This is illustrated by the fact that very often one 
runnable model can be used to represent a number of different 
domains. For teaching purposes a meaning needs to be 
assigned to these entities. 

• The dpmain representation aimed at should allow for repre
senting reasoning processes. Reasoning about a domain often 
takes place at a higher level of abstraction than that of the 
runnable model by introducing higher order concepts, which 
are not represented in the runnable model. Also the know
ledge that needs to be represented often is of a qualitative 
nature, whereas the runnable model mostly only represents the 
quantitative features of the domain. 
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Hartog (1989) even argues that, considering the fact that reasoning about a 
domain often takes place at a qualitative level, also the simulation itself should 
be qualitative. In other words: the simulation should be driven by the same 
model that the learner has to acquire as a mental model of the system, which 
should imply that the simulation should be performed qualitatively. This is 
neither necessary nor desirable. The simulation itself should be performed 
efficiently and fast, something that is not always possible using qualitative 
simulation. Also, the results of qualitative simulation are not always precise 
enough to be a faithful representation of the simulated system, and, more 
important, qualitative simulation is not always unambiguous (see Chapter 2). 
However, qualitative knowledge should be represented within the learning 
environment in order to supplement the incompleteness of the runnable modeL 

It follows from the above that the runnable model alone is not enough for 
representing all knowledge involved with learning from a computer simulation. 
Therefore, a supplemental domain representation, a conceptual model, is 
introduced. This conceptual model and not the runnable model, will be the 
main description of domain related information which will be used for 
describing and monitoring the learning processes involved with the discovery 
of the simulation model. This is true because the interaction of learners with 
the simulation environment will be of a complex nature and will require moni
toring and reasoning at a high conceptual level, a level which will not be 
supported by the runnable model. 

In the current chapter a framework is developed for representing the domain 
knowledge needed for describing mental models of the domain. This 
framework will be called a conceptual modelling framework. It should enable 
the representation of domain knowledge needed for performing several 
functions related to teaching and learning about a domain. The conceptual 
model (cf. Norman, 1983) as a whole will provide an expert teacher's view on 
the domain represented, rather than just an expert view. The main functions 
that the conceptual modelling framework should furnish are: 

Reasoning about the domain. In order to follow learners' reasoning processes 
the conceptual modelling framework should allow for deriving new 
relations when needed and, specifically for simulations, for drawing 
conclusions from events in the runnable model and predicting future 
events in the simulation. All these functions should be performed at 
various levels of abstraction. 
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Providing alternative conceptualizations of the domain. Often, in simulation
based learning, there can be several views on the same domain. 
Looking at a domain from different viewpoints can be useful in 
obtaining the right conceptual representation of a domain. Also 
different views may be used to introduce different levels of com
plexity. One may start with a view which is in fact a simplification of 
the domain and move via one or more steps to a view which contains 
all important concepts of a domain. This would be a form of 
progressive implementation, which is a certain instructional strategy. 
White and Frederiksen (1986, 1987, 1990) have implemented a 
learning environment in which this strategy is used. 

Providing diagnosis. To enable intelligent instruction about the domain the 
learning environment should monitor the achievements of the learner 
and diagnose possible misconceptions. Therefore, a model of the 
learners mental model about the simulation should be expressed within 
the same framework as the conceptual model itself. Moreover, the 
conceptual modelling framework should allow for a description of 
possible and/or common misconceptions in order to allow for 
appropriate action if such a misconception is diagnosed. 

Giving instruction about the domain. In order to enable instruction about the 
domain the domain knowledge base should contain instruction specific 
information, like specific examples. This would include information 
on how 'to generate explanations of events taking place in the 
simulation. The conceptual modelling framework presented in this 
chapter was designed with this instructional function in mind, but this 
aspect is not exploited in the current thesis. 

2 The conceptual modelling framework 

In the current section a formalised description of the conceptual modelling 
framework will be developed. The main reasons for creating this formalised 
framework are: 

• to provide a semi-formal, structured description of the 
conceptual knowledge related to a simulated domain in such 
a way that the reasoning functions mentioned in the previous 
section can be furnished. 

• to provide a basis for implementation of the reasoning 
functions. 
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• to provide a basis for describing learning processes in a 
structured way. (This will be elaborated in Chapter 4). 

• to establish a relation between a conceptual model and the 
runnable model of the same domain. 

35 

First, the primitives of the framework are listed, as well as the structures in 
which these primitives are contained. This is followed by a discussion how a 
conceptual model described using these primitives can be used by a reasoning 
mechanism to furnish the four functions mentioned in Section 1. 

2.1 THE PRIMITIVES FOR DESCRIBING A CONCEPTUAL MODEL 

In constructing a framework for creating a conceptual model, the nature of the 
simulation, reflected in the presence of a runnable model, should be 
emphasised. This emphasis is necessary because the runnable model is a central 
source of information for both the learner and an expert, reasoning about the 
simulation. Therefore, the structure of the conceptual model should be such 
that fluent incorporation of the results of the simulation into the knowledge 
base is furnished, meaning that important aspects of the runnable model should 
be reflected in the conceptual model. 

The primitives that describe a conceptual model have been chosen in 
such a way that this fluent incorporation is possible. Thereby, the runnable 
model is considered to be a database of states (see Section 1), described by 
variables and parameters. State transition rules are the generators of this 
database, and need no further elaboration. 

A conceptual model summarizes the information provided by the runnable 
model. A runnable model will contain detailed information and exact values of 
variables, whereas a conceptual model will emphasise qualitative aspects of the 
domain. On the other hand, a conceptual model will introduce additional 
concepts in order to obtain a more complete view on the domain, than can be 
offered by a runnable model. 

The relations that generate the runnable model are stated explicitly. 
However, there may exist relations that can be derived from these explicit 
relations (implicit relations). These relations are not necessary for the 
simulation and are therefore not represented in the runnable model but they 
may be needed for reasoning about the model, implying that these implicit 
relations must be included in the conceptual model (i.e., the implicit relations 
must be stated explicitly on the conceptual modelling level). 
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The elaboration of the knowledge in the model at the conceptual level may 
even go further. One can imagine that new concepts are defined which have 
meaning in relation to the modelled system. For example, this can be the case 
when the model is described in terms of small units of the system. These units 
may contain enough information to run the model. Other concepts describing 
global aspects of the system may be necessary for a full understanding of the 
system as a whole. For example, in physical systems one such a concept will 
often be found: the total energy of a system. The total energy will often not be 
used to describe the runnable model directly (this will be done in terms of 
generalized coordinates, velocities and forces). The total energy, however, 
often gives some highly elegant instruments for a better understanding of the 
system, better than in terms of the basic description elements. The newly 
defined concepts can, of course, only be of use when they can be related to 
'old' concepts. In the case of energy this would mean the formulation of the 
energy balance (a system-dependent restatement of: "the total energy is a 
constant"). 

2.1.1 Variables 
The basic elements that will be used in the conceptual modelling framework 
are extensions of the basic elements of the runnable model: variables. In a 
conceptual model the same names will be used for these elements. When there 
is danger of confusion the term 'conceptual variable' will be used, in contrast 
to 'runnable variable'. In the runnable model these elements just represent a 
value of some system characteristic, most often quantitatively. The conceptual 
counterpart of the runnable variables extends this meaning. A conceptual 
variable is characterised by two attributes: the range of possible values and its 
dependence of time. 

When reasoning about a domain one may use different levels of generality. For 
example one may use variables representing the velocity of different particles 
and one may use a variable representing velocity as a general concept. In a 
conceptual model these different levels of generality are enabled by choosing 
for an object oriented framework (e.g., Meyer, 1989). Variables represent 
classes of objects. The generality level is supported by class inheritance, i.e., 
a superclass of a variable is a generalization of that variable. The subclasses 
of a variable class inherit the relations (see the next section) that hold for their 
parents, e.g., a relation that holds for the abstract velocity concept also holds 
for the velocity of a specific particle. 
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In a frame representation (see Brachman & Schmolze, 1985), very much in the 
style of the data description language designed for the KADS methodology for 
knowledge engineering (Schreiber, Wielinga, Hesketh, & Lewis, 1990) a vari
able can be represented by4: 

variable <name> 
{inherit <name of variable frame>}* 
range <range> 
time-dependency <y/n> 
[initial value <value>] 

Some of the variables in the conceptual model will be direct counterparts of 
variables in the runnable model. Others may be introduced only at the 
conceptual level to represent general abstract concepts. The hierarchical 
organization of variables is not reflected in the runnable model. 

2.1.2 Relations 
The variables and parameters are still quite useless unless one can define how 
they can be related, i.e., which kinds of relations may be defined between 
them. For the framework for conceptual modelling there is a need to extend 
the 'traditional' relation concept, which defines a subset of the Cartesian 
product of the value ranges of its arguments (e.g., Ceri, Gottlob, & Tanca, 
1990). This is needed because traditional relations are not suitable to express 
imprecise knowledge like: "If A increases B also increases". Formally, such 
a statement is not a relation between A and B, but a statement about the rela
tion between A and B without further specifying that relation. 

To cope with this kind of statements the concept of generic relation is 
introduced as a subset of the set of all relations that are possible between two 
variables. The subset contains all relations that satisfy a certain characteristic. 
For example the set of all strictly monotonic increasing functions from A to B 
is the generic relation formalising the statement "If A increases B also 
increases". Stating that a generic relation 'holds' between two variables is 
equivalent to specifying a property of the relation that holds. 

In order to allow reasoning about a conceptual model, a reasoning 
system should know the characteristics of the (generic) relations used, for 
example to derive new relations one should have information on properties like 
the transitivity of a (generic) relation. To describe these properties in an 

41n this representation bold type indicates the names of slots. Angle brackets (" < > ") denote 
a description of slot contents. Rectangular brackets("[]") denote optional slots and curly brackets 
followed by an asterix. ("{}*") indicate zero or more occurrences of the enclosed tex.t. 
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efficient way, relations will, like variables, be organised in an object oriented 
hierarchy, a relation typology by introducing a subsumption mechanism. A 
generic relation subsumes another if and only if the validity of the first relation 
implies the validity of the second, or, in other words if the first generic 
relation is a subset of the second. Because a relation may imply more than one 
relation more than one subsumption must be allowed in the description of a 
relation. The relation frame looks as follows: 

relation <name>(<list of formal parameter names>) 
domains <list of variable ranges> 
{ subsumes <parent relation> }* 
{ parameter<parameter name> }* 
{ attribute <attribute> }* 

When a relation is actually used in a conceptual model, the formal parameters 
will be replaced by names of actual variables. The domains slot defines the 
ranges which the argument variables may take; subsumes defines a subsumed 
relation; parameter can be used to define that the relation is a parametrized 
relation (for an example see below). The attribute slot defines an attribute of 
the relation that can be used by reasoning functions. Examples of attributes 
are: transitivity, symmetry, and the presence of an inverse relation. Two 
examples of relation frames are: 

relation L*(A,B) 
domains (reals, reals) 
parameter (C, positive reals) 
subsumes M+(A,B) -
subsumes L(A,B)[CJ 
attribute symmetric(A,B) 
attribute transitive(A,B) 

relation Sum(A,B,C) 
domains (reals, reals, reals) 
subsumes Constant(B) : M+(A,C) 
attribute symmetric(A,B). 

The first of these examples defines the generic relation L +, which takes two 
reals, .l"ith formal names A and B, as arguments, and a positive real number 
as parameter. The relation subsumes M+(A,B), which means: if A increases, 
B also increases, and L(A,B) which states that A is linearly dependent of B, 
a more generic case of L +. The relation is symmetric and transitive in A and 
B, the latter meaning that L +(A,B) and L +(B,C) implies L +(A,C). The second 
example shows that subsumption does not necessarily include all variables 
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involved and may be subject to conditions. The 'subsumes' line should be read 
as: Sum(A,B,C) implies M+(A,C), only if the relation Constant(B) holds. 

2.1.3 Model structures 
The physical and conceptual structures of the domain will be represented in 
model structures, or, shorter, models. A model structure is a representation of 
a chunk of domain knowledge, in terms of a collection of variables and 
relations between them. It represents the characteristic of a physical or logical 
subsystem in the form of (generic) relations between variables. In that sense 
a model is a kind of inference rule or set of inference rules: it can be used to 
generate knowledge about variables on the basis of knowledge about other 
ones. 'Knowledge about a variable' should in this case be read as knowledge 
about the value or about the evolution of the value in time. 

The conceptual model should be able to reflect a structural decomposition of 
a represented system domain into physical and/or logical subsystems. This is 
furnished by creating separate models of the various components and 
aggregating these to a larger model, a compound model. In their turn, 
compound models can be combined again, yielding new compound models 
representing larger structures in the domain. 

In the frame-based representation models will be represented by the following 
frame: 

model <name> 
( inherit <super-model> 1 
{ submodel <submodel name> } 
{connect <modell::varname -> 

model2::varname construct>}* 
{ variable <name> : <type> }* 
{ relation ( <condition> : 1 <instant~ated 

relation> }* 
{export <submodel>::<variable name> as <name> 

for inputloutput } 

In this frame, the submodel slot defines the decomposition of models into 
smaller parts, the connect field determines the connections between the 
variables of various submodels. If more than one submodel is present, at least 
one connect directive is necessary. 

The variable and relation slots define which variables and relations 
are included in the model. The variable type refers to a previously defined 
variable frame. The relation definition includes an optional condition, 
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restricting the validity of the relation and an instantioted relation, i.e., a 
relation in which the formal parameters have been replaced by actual 
parameters: variable names or values. The export slot defines which variables, 
present in submodels are to be known 'outside' the model structure, i.e., which 
variables can be used in connect directives when the model is used as a 
submodel of another model. The variables that are defined by a variable slot 
are always exported. 

In Figure 3-1 the structure of the conceptual modelling framework is summar
ized. The upper left part of this figure shows the variable hierarchy. Variables 
are represented by rectangles, the arrows represent the inheritance relations. 
The upper right part of the figure shows the relation typology, where relations 
are represented by ellipses and the subsumption relations by arrows. The lower 
right part shows a simple model, not containing submodels. This model 
contains a number of variables (rectangles) and relations between them (ellipses 
with open arrows pointing to the arguments). A box is drawn around this 
figure with some lines, originating from variables, coming out. This box and 
the lines represents the 'outside look' of the model, i.e., the exported 
variables. Finally, the lower right part of the figure shows how compound 
models, represented by boxes, can be connected into larger structures. In this 
part of the figure, only the 'outside look' of the models is represented. 

2.2 USING Tl-iE CONCEPTUAL MODEL 

This section will demonstrate that a conceptual model using the above 
described modelling framework can provide the information necessary to cater 
for, at least partly, the functions mentioned in Section 1. 

The first of these reasoning functions, reasoning about the domain, has 
two important subfunctions: generating predictions and deriving new relations. 

Predictions are statements about values variables will take in certain situations. 
Such a "situa~on" will itself be a set of values of variables. This means that 
predictions will result from operations on a data set. This data set may be 
obtained from many sources, but the most important of these sources is the 
runnable model, that is, from a certain state of the runnable model, and based 
on earlier observations of the runnable model, a statement about the future 
development of the system from this state can be made. 
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Variables Relation typology 

Models Compound models 

Figure 3·1 Overview of the primitives used for representing a conceptual model. For a description 
of the semantics of the symbols used, see the text. 

For establishing the necessary link between the runnable and 
conceptual model, needed for obtaining the right data from the runnable model, 
models will be instantiated by creating links between their conceptual variables 
and runnable variables. Through these links values of the runnable model can 
be assigned to conceptual variables. Using these value assignments and the 
relations present in the conceptual model as constraints a statement can be 
made about the values the variables may take in future states. 

In order to make predictions, more information is necessary than what is 
included in the relation frames. In terms of the KADS methodology for design 
of knowledge based systems (Schreiber, 1990; Akkermans, van Harmelen, 
Schreiber, & Wielinga, 1993), an inference layer to add methods for 
generating predictions is needed. In Chapter 9 the nature of these methods will 
be elaborated. 

The instantiation mechanism is precisely what is needed to establish the 
link between the conceptual and runnable models. The runnable model is in 
fact nothing more than a set of values, generated by the state change rules. The 
variables in the runnable model are instances of the more general concepts 
defined in the conceptual model. This provides the conceptual model with 
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values for its variables and offers an interpretation for these values in 
conceptual terms. 

For deriving new relations, the relation typology provides the necessary 
information. Using the information on transitivity, symmetry, inverse relations 
and relation subsumption, a reasoning function can combine relations into new 
ones. The relations derived can be used to obtain new information about vari
ables, or to reason about them at a different level of precision, e.g., a 
qualitative level. 

Giving alternative conceptualizations of the domain can be furnished by 
defining multiple models about the same domain in the conceptual model 
(Leitch, Ponapelli & Slater, 1990; Sime & Leitch, 1992). The granular 
structure of the conceptual modelling framework presented here allows for 
multiple models of the domain, as well as for defining relations between these 
models, or better, for defining relations between the variables in the multiple 
models. 

For providing diagnosis, the learners' ideas about the domain should be 
compared with a conceptual model created by an expert or teacher. One can 
formalise a hypothesis about the model as a statement that a certain (generic) 
relation holds between two variables (see Chapter 4). The hypothesis and the 
model match if the hypothesized relation can be derived from the conceptual 
model, the rules from the relation typology that have been used to derive the 
relation give extra information about the hypothesis, e.g., if it is more or less 
general than corresponding relations in the conceptual model. 

An example of giving instruction about a domain is explaining the events that 
take place in the simulation. Such explanations may be given both at a 
qualitative and quantitative level. For generating (limited) explanations the 
mechanism used for generating predictions is useful. Such explanations are 
formed by generating a prediction after an event has taken place, a postdiction. 
The explanation can be constructed from the trace of the prediction generator. 

2.3 AN EXAMPLE 

The current section is concluded with an example of a conceptual model. The 
system modelled is the "harmonic oscillator", a well known one-dimensional 
physical system. The harmonic oscillator as such is an abstract concept, 
instantiations can be found in a pendulum and in a mass suspended from a 
spring. The harmonic oscillator consists of a single mass. The force on this 



DOMAIN REPRESENTATION 43 

mass, for example, exerted by a spring, is proportional to the deviation of the 
position of the mass from its rest position, and always directed towards this 
rest position. It is assumed that there is no friction. When the mass is released 
from a position not equal to the rest position the system will start to oscillate 
with a frequency dependent of the mass and of the proportionality constant 
between the force and the position. In the case of the pendulum, this 
proportionality constant is dependent of the length of the pendulum and of the 
mass, yielding a frequency that is not mass dependent as a consequence of 
opposite influences; in the case of the mass on a spring, the proportionality 
constant is determined by the stiffness of the spring. 

There are two possible views on the system, a position view and an 
energy view. In this example, this logical decomposition of the domain is 
reflected by modelling the two views as separate submodels. Also a third 
model is created in which both views are integrated. In Table 3-1 a description 
of a conceptual model describing this system is given. In this description the 
definitions of generic relations have been omitted. These definitions can be 
found in Appendix A. 

In the position view model (harm_osc_position_view) the basic behaviour of 
the oscillator is defined in terms of the variables position, velocity, and 
acceleration. These variables are inherited from the model 
'mechanical_system', which may serve as a base model for all kinds of one
dimensional mechanical systems. The two main relations defined in this model 
are Deriv relations, which define derivatives. These two relations together 
define Newton's second law, which is a second order differential equation. In 
the mechanical system model this second order equation is decomposed into 
two first order differential equations. 

The model harm_ osc _position_ view adds specific characteristics of the 
oscillator, like the variable force_ constant and specific relations between the 
force and position. The model harm_osc_energy_view describes a new view on 
the system in terms of energy, amplitude, and frequency. This is a 
conceptualization that is often very convenient since many of the variables are 
not dependent of time, either by definition (amplitude, frequency) or as a 
consequence of a relation (total_energy). 

Finally, the model harm_osc_integrated_view is used to create a link 
between the two views discussed. Using a common variable (k of type 
force_ constant) the two models are linked and three new relations between 
variables in the two models are defined. 
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Table 3-1 Conceptual model description of a harmonic oscillator. 

variable displacement 
range reels 

variable position 
Inherit displacement 

· time-dependent yes 

variable amplitude 
inherit displacement 
range positive_reals 
time-dependent no 

variable velocity 
range reels 
time-dependent yes 

variable mass 
range positive _reels 
time-dependent no 

variable acceleration 
'range reels 
time-dependent yes 

variable force_constant 
range positive_reals 
time-dependent rio 

variable force 
range reals 
time-dependent yes 

variable anergy 
range reals 
time-dependent yes 

variable kinetic_ energy 
Inherit energy 
range positive-reels 

variable potential_ energy 
inherit energy 

variable total_energy 
inherit energy 

variable frequency 
range positive_reals 
time-dependent no 

model mechanical_system 
variable q:position 
variable v:velocity 
variable p:momentum 
variable a:acceleration 
variable f:force 
variable m:mass 
variable t:time 

relation Deriv(p,f,t) 
relation Deriv(q,v,tl 
relation Prod(m,ll,p) 
lend of mechanical_system 

model harm_osc_position_view 
inherit mechanical_system 
variable k:force_constant 

relation Prod(m,a,f) 
relation Prod(k,q,f) 
lend of harm_osc_position_view 

model harm_osc_energy_view 
variable e: total_ energy 
variable ek: kinetic_energy 
variable ep: potential_energy 
variable nu: frequency 
variable a: amplitude 
variable k: force_constant 

relation Sum(ek,ep,e) 
relation Constant(e) 
relation M'(nu,e) 
relation M'(k,nu) 
!end of harm_osc_energy_view 

model harm_ osc _integrated_ 11ie w 
sub model harm_ osc _energy_ view 
submodel harm_osc_position_view 
connect harm osc energy 11iew::k-

- · harm_osc_position_view::k 
relation M'(q,ep) 
relation M'(v,ek) 
relation M(m,nu) 
lend of harm_ osc _integrated_ view 
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The example shows that creating a conceptual model is relatively straightfor
ward. The inheritance mechanism for models allows for a definition of libraries 
of models defining generic systems (like the mechanical_system model) which 
can be used for creating a definition of a specific system. 

3 Discussion 

The conceptual modelling framework, described above, offers a strong link 
between the conceptual domain description and the runnable simulation model. 
Other features are the relation typology, furnishing reasoning with and about 
relations and the hierarchical structure of the representation of variables. 

An important characteristic of the domain modelling framework is that 
it adds dimensions of "precision" and "generality" to the domain structure, and 
that moving along these dimensions can be performed by traversing the relation 
or variable hierarchy respectively. When going in a direction of less generality 
or precision, the correctness of a relation is automatically preserved. Plotzner 
and Spada (1992) also use a precision dimension, but no automatic transfer 
between levels is furnished. 

The framework presented in this chapter is related to domain representation 
techniques used in qualitative simulation. The decomposition of the domain 
into logical and physical subsystems can also be found in component centred 
approaches to qualitative simulation (deKleer & Brown, 1984) and qualitative 
process theory (Forbus, 1984, 1990). The framework presented here uses a 
similar domain decomposition, but allows for more relation types between 
modelling primitives than these qualitative simulation approaches. Moreover, 
the notion of a structured relation typology is added to the domain description. 

The concept of generic relation is similar to, but not identical with that 
of constraint in the constraint centred approach to qualitative simulation 
(Kuipers, 1986). The difference is that in the approach presented here 
attributes are assigned to the generic relations which can be used in reasoning 
at a symbolic level with these relations. QSIM, Kuipers' qualitative simulation 
system, does not allow for a structural domain decomposition. 

In the modelling framework presented an important problem with qualitative 
simulation is bypassed, viz., the ambiguities in qualitative prediction (see 
Chapter 2). No solution of this problem is claimed, but the presence of a 
runnable (probably quantitative) simulation model helps in resolving the 
ambiguities. The qualitative knowledge represented in a conceptual model is 
used as an interpretation of the events in the runnable model, instead of a set 
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of rules for simulation. A similar approach to the use of qualitative knowledge 
in simulation environments can be found in Forbus and Falkenhainer (1992). 

If there is a need for resolving certain ambiguities at the qualitative 
reasoning level, one should add extra relations, putting extra constraints on the 
predictions that may be generated (Bredeweg, Schut, van den Heerik, & van 
Someren, 1992; Kay & Kuipers, 1992). 

The structure of the conceptual model will define the properties of hypothesis 
space: the theoretical search space a learner uses while discovering the 
properties of the simulation. Therefore, it will also determine the possible ways 
to traverse hypothesis space and the nature of instructional measures to support 
the learner in exploring this space. The concept of hypothesis space, and its 
necessary counterpart, experiment space (Klahr & Dunbar, 1988) will be 
elaborated in Chapter 4. 

In an actual intelligent simulation learning environment, a conceptual model 
can be used for generating predictions and explanations, related to actual events 
taking place in the runnable model. In the current thesis no such actual 
implemented simulation learning environment, utilizing all features of our 
domain representation, will be discussed. However, even if not used in an 
actual environment the conceptual modelling mechanism presented here will 
also have its value as a theoretical concept, especially for analyzing learner's 
hypotheses about the simulation and the development of these hypotheses 
during the process of discovery, the main subject in the research described in 
the current work. Furthermore, a stand-alone program, performing the 
functions of hypothesis matching and predicting, discussed above, will be 
presented in Chapter 9. 



4 
A THEORY OF EXPLORATORY LEARNING 

WITH COMPUTER SIMULATIONS 

In the previous two chapters the instructional characteristics of computer 
simulation and a representation framework for related qualitative knowledge 
have been discussed. In this chapter, a theory will be presented for describing 
exploratory learning with computer simulations. As argued by Njoo and de 
Jong (1991), exploratory learning requires the learner to perform new, and 
possibly unfamiliar learning processes, like hypothesis formation and 
experiment design. The learning goal of exploratory learning is creating a 
mental, conceptual model of the simulated domain. 

The theory presented here is based on the theory of dual space search 
of Klahr and Dunbar (1988). A comparison of this theory with the theory by 
Newell and Simon (1972) of human problem solving, on which the Klahr and 
Dunbar theory was originally based is included (see also Simon & Lea, 1974). 
Klahr and Dunbar's theory is a general theory of scientific discovery learning. 
The concepts from their theory are adapted for the special case for which the 
domain explored is represented as a computer simulation. Using the conceptual 
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modelling framework presented in Chapter 3, the structure of hypothesis space, 
a problem space containing rules or relations which may describe the 
simulation under study, and search processes therein are described. This 
theoretical framework allows for assessing the knowledge state of the learner 
and the exploratory learning processes that may be performed during the 
discovery process. 

1 Exploring a simulation as dual space search 

Creating a conceptual model capable of describing and predicting the essential 
features of a simulation, based on the simulation results, is a rule-discovery 
task. This means that a learner has to discover rules (or relations in terminol
ogy of Chapter 3), describing the behaviour of variables as functions of each 
other. These relations can be used for predicting the behaviour of the 
simulation in new situations. 

1.1 SCIENTIFIC DISCOVERY AS DUAL SPACE SEARCH 

The theory developed by Klahr and Dunbar, "scientific discovery as dual 
search" (SDDS) is proposed to be "a general model of scientific reasoning, that 
can be applied to any context in which hypotheses are proposed and data is 
collected" (Klahr & Dunbar, 1988, p. 32). The basic assumption of SDDS is 
that scientific reasoning requires search in two distinct but related search 
spaces: hypothesis space and experiment space5

• This way of describing rule
finding tasks and scientific research in general has become a paradigm in this 
field of research. 

Hypothesis space is a search space consisting of all rules possibly describing 
the phenomena that can be observed in the domain. Experiment space is the 
space consisting of all experiments that can be performed with the domain and 
the outcomes of these experiments. The search processes in dual search space 
are considered to be more or less similar to searching a problem space as part 
of a problem solving process (Newell & Simon, 1972). 

sntese terms have been introduced by Klahr and Dunbar and are especially suitable for 
describing discovery tasks related to simulations or devices. Greeno and Simon (1988) have 
introduced the terms rule space and instance space, which can have a more general use. 
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Search in hypothesis space is guided by prior knowledge and by experimental 
results; search in experiment space may be guided by the current hypothesis 
or by general manipulative knowledge (Lavoie & Good, 1988), and it may be 
used to generate information to formulate or test hypotheses. 

Th.e three basic components of SDDS are: SEARCH HYroTIIESIS SPACE, TfST 

HYPOTHESIS and EVALUATE EVIDENCE. The first component generates a fully 
specified hypothesis, the second generates a prediction and collects evidence 
which can be evaluated in the third component. Each component consists of a 
number of subcomponents which includes moves in experiment space, running 
experiments and using prior knowledge. An important feature of the SDDS 
model is that during the first phase (SEARCH HYPOTHESIS SPACE) experiments with 
the object of study can be carried out in order to form hypotheses. 

1.2 DUAL SPACE SEARCH AND HUMAN PROBLEM SOLVING THEORY 

SDDS finds its roots in the theory of human problem solving by Newell and 
Simon (1972; Simon & Lea, 1974). In problem solving theory, problem 
solving is described as search in a single problem space, containing nodes 
representing candidate solutions or partial solutions for a problem. The 
problem solver uses a set of search operations to move from one node to 
another, until a correct solution has been reached. The nature of the problem 
space and of the available search operations is depends on the characteristics 
of the problem at hand. 

SDDS considers scientific discovery to be a process similar to problem 
solving, with hypothesis space as the equivalent of problem space. However, 
there is a number of salient differences between the two theories: 

• In problem solving the goal state is only sometimes ill-defined 
but mostly well-defined. In exploratory learning the goal state, 
situated in hypothesis space, always is ill-defined from the 
viewpoint of the learner (e.g., Simon, 1973). 

• In problem solving theory moving through problem space 
means transforming nodes in the space. In exploratory 
learning moving through hypothesis space means rejecting and 
accepting nodes as suitable for describing the parts of experi
ment space investigated, i.e., the nodes will be assigned 
values from the set {true, false, unknown}. These value 
assignments represent the knowledge state of the learner. 

• In problem solving theory, criteria for assessing whether a 
certain state is a goal state can be found in the problem space 
itself, by checking the transformation procedure followed, or 
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the goal states have been defined externally. In exploratory 
learning the main method for assessing hypothesis space nodes 
is entering the second search space: experiment space. 

An 'ordinary' problem solving activity is described with a single start state, a 
set of intermediate states, operations to transform states and one or more goal 
states, which mark that a solution has been reached (Newell & Simon, 1972; 
Greeno & Simon, 1988). Each of the components can be well- or ill-defined; 
in most cases at least the goal state(s) will be well-defined. The solution to the 
problem is either the trace through problem space to reach the goal state (in 
which case this goal state must be well defined and often known before the 
problem solving process starts) or the goal state itself, in which case, of course 
this state is not known in advance. In the latter case the problem solver needs 
a procedure to assess if a specific state is indeed a goal state (Simon & Lea, 
1974). In ill-defined problems the outcome of such a procedure may be not 
definite, i.e., there may exist cases for which it is not possible to determine 
unambiguously if a solution has been reached or if a solution satisfies criteria 
imposed by the context. 

It turns out that for exploratory learning, when considered to be a 
problem solving process, most components of the problem space, defined in 
terms of Newell and Simon's theory of problem solving (1972) are more or 
less ill-defined. In SDDS, the start state is an initial hypothesis which may be 
chosen freely by the discoverer. There is no preference for a certain initial 
hypothesis. Only prior knowledge of the domain may guide the choice of a 
start state for investigation. 

Moving in hypothesis space is not transforming hypotheses but merely 
changing attention from one hypothesis to another to determine the truth value 
to be assigned to that hypothesis6

• Changes in attention can result from the 
interpretation of data obtaiped from experiment space. The main advantage of 
this interpretation of moving in hypothesis space is that rejected hypotheses, 
i.e., hypotheses marked as being "false", can explicitly be included as 
representing part of the learner's knowledge state. 

,n the above the impression may be given that always the truth value of a hypothesis can be 
determined. Since Popper (1959) it is accepted that hypotheses can only be falsified so only the 
value 'false' can be assigned with certainty. Only if experiment space is finite and small, the 
value 'true' can also be unambiguously be assigned. It may be concluded that, in all other cases, 
a value 'true', assigned to a hypothesis may still change, whereas the value 'false' may be 
considered stable. 
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There are two ways of determining the truth value to be assigned to a 
hypothesis. One involves using knowledge that has already been discovered, 
or acquired otherwise. In this case the truth value of an hypothesis can be 
determined by logical deduction. If such a deduction is not possible another 
procedure is available. This second method involves searching experiment 
space. The learner needs to find instances in this space that provide informa
tion for rejection and/or confirmation of the node under investigation. This 
procedure for determining the truth value of a hypothesis does not always give 
definite results. Since deduction always takes place on the basis of relations 
found earlier, by experiment space search, the latter assessment method always 
has to take place, and therefore is the more important of the two. Experiment 
space search results may also provide heuristic information to select new 
hypothesis space nodes for investigation. 

1.3 TWO EXPLORATORY STRATEGIES: THEORISTS AND EXPERIMENTERS 

Greeno and Simon (1988) distinguish two types of strategies for rule discovery: 
a bottom-up strategy, starting with an analysis of the data, found in instance 
space, with the purpose to generalize the data to a rule and a top-down 
strategy, starting with choosing a node in hypothesis space and testing this 
hypothesis with data found in experiment space. When the hypothesis is 
rejected on the basis of this data, the learner will switch to a new hypothesis. 
Klahr & Dunbar (1988) label these strategies as 'experimenter' and 'theorist' 
strategies respectively. 

These two discovery strategies were observed experimentally by Klahr and 
Dunbar (1988; Dunbar & Klahr, 1989). Moreover, they found that in 56% of 
the cases their subjects failed to draw the right conclusions from disconfirming 
experiments: i.e., hypotheses were retained incorrectly on the basis of a 
negative experimental result. Also an opposite effect was found: subjects 
rejected hypotheses that were not disconfirmed by experiment. A possible 
explanation for this behaviour is that the relation between hypothesis space and 
experiment space was not clear for the learners. Shute, Glaser and Raghavan 
(1991) also found a distinction between, what they called, data driven 
(experimenters) and hypothesis driven (theorists) learners. 

In order to understand discovery learning in a specific domain one needs to 
investigate the properties of the associated hypothesis space and experiment 
space and the relation between the two. This relation sometimes is trivial, as 
in the case of the task described by Qin and Simon (1989), where the relation 
between two variables was to be discovered. In this case experiment space 
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consisted of four pairs of values. A hypothesis could immediately be tested by 
examining this data, the result was always unambiguous: true or false7

• Qin 
and Simon do not report on incorrect use of experimental data. 

In Klahr and Dunbar's studies (Klahr & Dunbar, 1988; Dunbar & 
Klahr, 1989) the domain was the operation of a programmable device. 
Hypothesis space consisted of possible rules that described the operation of a 
certain button, experiment space consisted of all possible programs. An 
important difference with the Qin and Simon study was that not all experiments 
could give an unambiguous result, making the relation between hypothesis 
space and experiment space more complex. For most simulations the relation 
between the two search spaces is more complicated than in the above 
examples. In the following section this will be elaborated. 

2 Extending SDDS for complex simulations, a complete model. 

The theory of Klahr and Dunbar (1988) provides a useful basis for a complete 
theory of exploring complex computer simulations but it should be adapted and 
extended to the specific characteristics of this type of simulations. In Chapters 
2 and 3 the properties of these simulations and the specific characteristics of 
qualitative and quantitative models were discussed. Some characteristics of 
more complex domains and simulations in particular are: 

• Hypotheses can be stated at different levels of precision: 
hypotheses may be very vague, imprecise statements about the 
relation between two variables, but also completely elaborated 
mathematical relationships. 

• Hypotheses may be stated at different levels of generality: 
hypotheses may apply to a single instance in experiment space 
but also be general, abstract, statements addressing many 
instances in experiment space. 

These two characteristics should be reflected in a theoretical description of 
exploring simulations. In order to arrive at such a description the following 
two issues should be addressed. 

7 Here is a case of a finite, small experiment space where the value true may be assigned 
unambiguously. (See note 6). 
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• The structure of the two search spaces for complex simula
tions, as well as the nature of the possible search operations 
in either of the two search spaces needs to be investigated. 

• The relation between the two search spaces is relatively 
complex, and needs to be elaborated upon. 
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The nature of the two search spaces will be defined in terms of the conceptual 
modelling framework defined in Chapter 3. The characteristics of this 
framework will be used to define the structure and other aspects of hypothesis 
and experiment space. 

2.1 THE NATURE OF THE SEARCH SPACES FOR COMPLEX SIMULATIONS 

Hypothesis space for simulations8 will be defined at the conceptual modelling 
level. Hypotheses are formulated in -terms of the elements and relations of the 
conceptual modelling framework: A hypothesis about a simulation model is a 
statement that a certain generic relation holds between two or more conceptual 
variables (see also Reimann, 1989). This definition determines the nature of 
the nodes in hypothesis space. 

Experiment space for the discovery process is defined by the simulation 
itself: that is all instances that are available to the learner are generated by the 
runnable model. Later in this chapter the nature of the instances in experiment 
space will be elaborated upon. 

In order to establish a relation between experiment space and 
hypothesis space, e.g., to draw conclusions for hypothesis space from instances 
found in experiment space, the learner needs an interpretation mechanism to 
understand the consequences of one or more experiments in terms of the 
conceptual model elements and relations. The gap between the conceptual 
model and the instances generated by the simulation is bridged by instantiation 
(See Chapter 3). 

Bnte theory presented is meant to hold for all domains that can be represented in the 
conceptual modelling framework used. For some domains other schemes may be possible, 
implying a different structure of hypothesis space. In this chapter, the difference between the 
simulation and the domain simulated is not emphasized. From the viewpoint of the learner no 
difference between these two entities exists. 



54 DISCOVERY LFARNING IN COMPUTER-BASED SIMULATION ENVIRONMENTS 

2.2 HYPOTHESIS SPACE 

In a simulation there may be a large number of variables. This means that a 
complete description, a conceptual model describing the qualitative and 
quantitative features of the simulation, will contain more than one relation. 
This implies that there is not a single goal node in hypothesis space to be 
found, but a goal set of hypotheses. This also means that the learner needs to 
maintain a hypothesis set to be under investigation during the discovery 
process, rather than a single hypothesis. 

For stating hypotheses the learner uses the elements from hypothesis 
space: variables and relations. This means that hypothesis space is spanned by 
two subspaces, variable space and relation space. In order to search hypothesis 
space, a learner must discover the structures of these two subspaces. 

Qin and Simon (1990) argue that the problem of finding variables to state 
hypotheses about, i.e., searching variable space, is not a real problem. They 
illustrate this point by the discovery of Kepler's third law, concerning the 
relation between the distance of planets from the sun and their period of 
revolution around the sun, where it seems that the identification of variables 
goes back to Aristotle, whereas the discovery of the law, i.e., the relation 
between the variables, was first made by Kepler. There is some trouble with 
this viewpoint: with hindsight it is easy to assume that the original concepts the 
discoverer used are identical to concepts that are still used in our days. 
However, in the days of the original discovery of a law, the meaning of 
concepts used may well be different from their meaning in our days. In the 
case of Kepler, the concepts of space and time were not as developed as they 
are now, and, moreover, people in Kepler's age were Jess familiar than we to 
thinking in terms of a heliocentric view of the solar system. 

2.3 ASSESSING HYPOTHESES 

As noted above, the goal of the discovery process is finding a set of relations 
constituting a conceptual ' model of the simulation. During the discovery 
process, the learner as well as a tutor guiding the learner in the search process, 
if present, must assess the learner's current hypothesis set in order to 
determine if this goal has been reached, and, if not, in which direction search 
in hypothesis space should proceed. The learner must assess the hypothesis set 
based on data resulting from experiment space search; a tutor may also use a 
conceptual model created by an expert, a target conceptual model. 

Based on research in the area of qualitative reasoning (Bobrov, 1984; 
Sime & Leitch, 1992; Spada, Stumpf, & Opwis, 1989) the following 
dimensions can be identified as important for assessing hypothesis sets: 
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• 
• 
• 
• 

correctness 
precision 
scope 
domain of validity 

55 

These dimensions together determine the predictive power of a set of hypoth
eses. The exact meanings of these dimensions can be explained in terms of 
predictions generated by the hypotheses in the set. 

The correctness of a hypothesis is determined by the fact whether the 
predictions generated by it are in contradiction with instances in experiment 
space or not. If the latter is the case the hypothesized rule set is correct, no 
matter how much information the generated prediction contains. 

The precision determines the amount of information that is contained 
in the hypothesized model. The criterion for precision is the number of 
instances allowed to occur by a prediction: a prediction "A will increase" 
allows more instances than a prediction "A will be multiplied by a factor of 2", 
and therefore is less precise. The extremes of the precision dimension are: no 
precision at all, implying that predictions allow all instances to occur, and 
complete precision implying that the value of a variable can be predicted in a 
unique way for all experiments. 

The scope of a hypothesis set is the set of variables about which 
predictions can be generated. Since there will typically be more than one 
variable present in the simulation, the scope is a useful concept. The goal of 
fully exploring a simulation will be to find relations capable of predicting the 
behaviour of all variables. A related concept is the generality of a hypothesis. 
The generality of a hypothesis increases when one travels upward in the 
variable hierarchy. This means that with the scope of a hypothesis increases 
with its generality. 

The domain of validity determines for which parts of experiment space 
valid predictions can be made. The domain of validity determines the values 
of the variables for which the hypothesis is true (or assumed to be true), 
whereas the scope defines for which variables the hypothesis is valid. 

Another characteristic of a hypothesis set is its internal consistency. The 
internal consistency of a hypothesis set is determined by assessing whether the 
relations in the hypothesis set are contradictory with respect to each other or 
not. If a hypothesis set is not internally consistent it can generate no predic
tions at all about the variables present in the relations causing the incon
sistency. This characteristic is not independent of the other characteristics, but 
sometimes it may be useful to assess internal consistency of a set before 
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assessing the other characteristics. If a hypothesis set is inconsistent, assessing 
correctness or scope may be a meaningless activity. 

In an ideal case a learner would maintain a hypothesis set and try to improve 
on precision, scope and domain of validity, keeping correctness intact for the 
parts of experiment space that were observed. Improvement on precision or 
domain of validity can be reached by searching relation space, by changing one 
of the relations in the hypothesis set. Improvement on scope can be reached by 
a variable space search operation. 

2.4 ORGANIZING HYPOTHESIS SPACE 

In the previous section the basic ingredients of a hypothesis, variables and 
relations, were defined, and it was emphasized that learners should maintain 
a hypothesis set containing their current ideas about the simulation. In the 
current section the problematic side of hypothesis generation will be explored: 
why may certain ingredients of the hypothesis be hard to find and what kind 
of problems may be encountered in combining the ingredients. The analysis 
below is based on the logical structures of hypothesis space. 

2.4.1 Regions in hypothesis space 
Before a learner can choose a certain node in hypothesis space a mental 
representation of (a part of) hypothesis space must exist. In the case of 
simulations this means that the learner must know which (conceptual) variables 
can be identified in the simulation and which relations can (possibly) hold 
between those variables. Knowledge about variables is (at least for the greater 
part) domain dependent: different models require different sets of variables. 
Relation knowledge is largely domain independent: relations can be applied to 
variables in many different domains. 

The above considerations lead to the conclusion that, before formulat
ing hypotheses, the learner has to create and enlarge the portion of hypothesis 
space that will be searched and then reduce the number of possible hypotheses 
by excluding possibilities on the basis of experimental data or logical 
inferences. The part of hypothesis space that will actually be searched is a 
subset of the part of hypothesis space that the learner knows of. It is useful to 
differentiate between different regions in hypothesis space: 

• The universal hypothesis space, containing all possible hypoth
eses about a certain simulation. The relation space is truly 
universal in the sense that it is domain independent, whereas 
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the variable space is only universal within the boundaries of 
a given domain. 

• The Ieamer hypothesis space, being a subset of the universal 
hypothesis space: it is spanned by the variables and relations 
the learner knows of. 

• The learner search space, the space of hypotheses that is 
actually searched by the learner by marking hypotheses as 
being true or false. 

• The space of true hypotheses, containing all true hypotheses 
that describe the simulation. This space includes the target 
conceptual model and all relations that can be deduced from 
it. 

• The target conceptual model as a subset of the space of true 
hypotheses. In order to be successful the learner search space 
must at least include a set of hypotheses which can imply the 
target conceptual model. 
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In Figure 4-1, the various spaces are depicted. The spaces are not necessarily 
all subsets of each other: the target conceptual model may lie partly or wholly 
outside the learner hypothesis space. The learner search space is always a 
subset of the learner hypothesis space (by definition), just as the target 
conceptual model is always a subset of the space of true hypotheses. For 
reasons of clarity, the space of true hypotheses is not depicted in Figure 4-1. 

Two operations that can be performed on the search spaces are 
enlarging and reducing. Enlarging a search space can apply both to the learner 
hypothesis space, by adding new variables and/or relations to the learner's 
knowledge base and to the learner search space, by 'activating' parts of the 
learner hypothesis space. Reducing a search space applies to the learner search 
space, by marking its members with the value true or false. 

The learner's knowledge state during the discovery process is 
represented by the learner search space, overlaid with the set of truth values 
assigned by the learner to the various hypotheses in this space. This represen
tation of the learner's knowledge state may be used in a learner model, 
(Duchastel, 1988; Ohlsson, 1986) to be included in an exploratory environ
ment. 

Assessing the truth value of hypotheses of the learner search space can be done 
by a search of experiment space. In the experiment space search process the 
difference between bottom-up (experimenter) and top-down (theorist) search 
(Greeno and Simon, 1988; Klahr & Dunbar, 1988) becomes most obvious: a 
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universal hypothesis space 

Figure 4-1 The different regions in search space, represeming Ihe knowledge ojihe Ieamer about 
possible hypotheses in the simulated domain. 

person using the bottom-up strategy will start searching experiment space and 
construct or modify the learner search space thereafter, whereas a top-down 
searcher will search hypothesis space first for constructing learner search space 
and an active hypothesis to investigate, followed by a test of the hypothesis 
chosen. 

In creating a mental conceptual model of the simulation the learner 
may get stuck, for lack of hypotheses to choose from, while the current 
hypothesis set is assessed to be inadequate for describing the simulation. This 
may occur because the learner search space is too small or because correct 
relations have incorrectly been excluded from the hypothesis set. Resolving 
such a situation requires enlarging the learner search space, by adding 
hypotheses or by reconsidering hypotheses that were previously marked as 
being false. In Figure 4-2, an example is drawn of a configuration of the 
subspaces of universal hypothesis space in which the learner may get stuck, 

' because there is no overlap between the target conceptual model and the 
learner hypothesis space. 

2.4.2 Structures in hypothesis space 
Hypothesis space is a structured space. Its structure is detined by the structures 
of variable space and relation space. The structure of variable space is 
determined by the hierarchical organization of variables in the conceptual 
modelling framework (see Chapter 3). This hierarchy represents the concept 
of generality. For example, when descending a part of the variable hierarchy, 
one may encounter the following variables: "real numbers", "energy", 
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universal hypothesis space 

lligure 4-2 A configurations of search spaces in which the learner may gel sluck because the 
learner hypolhesis space has no overlap wilh lhe rargel concepltml model. 

"potential energy". Each the variable represents a less general concept than its 
predecessor, or parent variable: the concept of energy is Jess general than the 
concept of real numbers, but more general than potential energy. 

Hypotheses about a specific simulation model can be stated at any level (of 
generality, see Chapter 3) in the variable hierarchy. For the above example this 
means that hypotheses can be formed as relations which take as arguments 
variables like "energy" or "potential energy". This implies a hierarchical 
structure for hypothesis space itself: a hypothesis about a high level variable 
will have implications for lower level variables: the same relation will hold for 
them or they must explicitly be marked as an exception. 

The structure of relation space is determined by the relation typology (see 
Chapter 3). This relation typology also has a hierarchical structure, defined by 
the subsumption relation. This structure allows for search operations along the 
dimension of precision. Descending the relation hierarchy means an increment 
in precision. For example, the relation "L +(A, B)" (B is a linearly related to A) 
subsumes the relation "M+(A,B)" (B is a monotonic increasing function of A), 
which is a less precise relation. 

2.4.3 Search operations in hypothesis space 
In discovery learning, a learner needs to apply search operations in hypothesis 
space, in order to modify the hypothesis set in the direction of the target 
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conceptual model. There are three main categories of possible search 
operations in hypothesis space: 

• search operations in variable space. 
• search operations in relation space. 
• search operations that change the hypothesis set as a whole. 

Variable space search operations can be of the following kinds: 

• Generalization of the hypothesis. Generalization takes place by 
choosing variables which are higher in the variable hierarchy. 
This implies that the hypothesized relation is used to cover 
more variables, viz., all children of the newly chosen vari
able. 

• Specialization of the hypothesis. This is done by choosing 
variables lower in the variable hierarchy. This means that the 
hypothesis no longer applies to all children of the former 
variable, but only to the child chosen. 

• Change of variable. The hypothesis can also be changed by 
choosing a variable which is neither an ancestor nor a descen
dant of the former variable. 

Relation space search operations can be of the following kinds: 

• Specification of a hypothesis by choosing a relation which 
excludes more cases than the previous one, for example going 
from a monotonic to a linear relation. 

• Decrease of precision of a hypothesis. The reverse of the 
above: moving from a precise relation to a more global one, 
e.g.' because the vrecise one has been refuted by experiment 
and no apparent alternative is available. 

• Addition of characteristics by specifying a second relation on 
the same variables which holds at the same time, e.g., when 
a monotonic relation already has been specified, a second 
relation can be added which specifies that the relation is 
asymptotic as well. 

• Deletion of a characteristic is deleting a relation from the 
hypothesis set, or, better, marking a relation as false, under 
the condition that at least one relation between the same 
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variables remains in the set. This is the opposite of the 
previous search operation. 

• Specification of parameters in a hypothesis. Many relations 
take one or more extra parameters. For example the linear 
relation takes a constant value as parameter for the slope of 
the relationship. A relation can be further specified by 
specifying these parameters. 

• Restriction of a hypothesis. It may be possible that a certain 
relation does not hold in all possible instances. In that case a 
condition may be specified. This condition will be stated in 
terms of variable values, e.g., relation R holds between A and 
B when A is greater than 2. Restricting a hypothesis implies 
adding or changing a condition such that the domain of 
validity of a relation decreases. 

• Expansion of a hypothesis. The reverse of the above: 
removing or changing a condition such that the domain of 
validity of the relation increases. 

• Change of relation. Other changes of relations fall in this 
category. The relation space search operations mentioned 
above consider changes for which the relations remain 
mutually compatible. For example, when increasing precision, 
the new relation is not in contradiction with the previous one. 
The current category encompasses all relation space search 
operations for which the new hypothesis is in contradiction 
with the old one. 

Operations on the hypothesis set include: 

• Addition of a hypothesis. A new hypothesis about variables 
not investigated before, can be added to the hypothesis set. 

• Removal of a hypothesis. A hypothesis can be removed from 
the hypothesis set, because it is judged to be false or 
irrelevant. 

• Splitting a hypothesis. A hypothesis can be split in two, by 
introducing an intermediate variable. For example, the relation 
M+(A,C) can be split in M+(A,B) and M+(B,C). 

• Combination of hypotheses. The reverse of the above: from 
relations between A and B and between B and C, a relation 
between A and C may be inferred. This search operation, as 
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well as the previous one represent the possibility of using 
logical inferences in searching through hypothesis space. 

The changes to the hypothesis set enumerated above provide a classification of 
search operations in hypothesis space. All search operations of one of the types 
listed have consequences for the predictive power and conceptual complexity 
of the hypothesis set. In Table 4-1 this has been elaborated for the four aspects 
of hypothesis sets, mentioned at the start of this section. The cells of this table 
are filled with indications of consequences of hypothesis space search 
operations for the various aspects of predictive power of the learners' 
hypothesis set. In this table II+ 

11 means an increment, 11
-

11 decrement, 11
0" 

means no change, and 11 ± 11 means a possible change. Note that a change in 
precision, scope or domain of validity, may mean that the hypothesis set is no 
longer correct. 

In searching hypothesis space, the difficulty of performing hypothesis space 
search operations will depend on two factors: the learner's knowledge of the 
search operation to be performed, and the position of the new hypothesis 
resulting from applying the search operation, relative to the learner search 
space and the learner hypothesis space. If the new hypothesis is inside the 
learner search space, the performance of the search operation will be easier 
than in the case that the new hypothesis is outside this space. In the latter case 
an en1argement operation of the learner search space, or even the learner 
hypothesis space is necessary. 

2.4.4 Search heuristics in hypothesis space 
In searching hypothesis space, a learner needs to select appropriate search 
operations in order to modify the hypothesis set. For this selection the learner 
needs heuristics in order to make a sensible choice for a specific search 
operation. The information in Table 4-1 may be used as such heuristic 
information. The columns' can be read as goals, whereas the rows are the 
operation types which may be used to achieve those goals. A learner who has 
(explicit or implicit) knowledge of this information may use it to guide the 
search through hypothesis space. However, the information in Table 4-1 is 
ambiguous, it does not lead to unique choices for one single search operation. 
Additional heuristics are necessary, not only for selecting a search operation 
type, like specification, but also for the selection of the search operation itself, 
the actual choice for a new hypothesis. 

In Langley, Simon, Bradshaw, and Zytkov (1987) the program BACON 

is described, which implements some of these heuristics. These heuristics are 
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Table 4-1 Overview of possible search operations in hypothesis space and their consequences for 
the hypothesis set. 

correct- domain of 
ness precision scope validity 

variable space search operations 

generalization of- 0 + 0 

specialization of+ 0 0 

change of variable ± 0 ± ± 

relation space search operations 

specification of- + 0 0 

decrease of precision of+ 0 0 

specification of parameters of- + 0 0 

addition of characteristics of- of+ 0 0 

deletion of characteristics of+ of- 0 0 

restriction of+ 0 0 

expansion of- 0 0 + 

change of relation ± ± 0 ± 

hypothesis set operations 

addition of hypothesis ± 0 + 0 

deletion of hypothesis ± 0 0 

splitting of hypothesis 0 0 of+ 0 

combination of hypotheses 0 0 of- 0 

very simple: to find the relation between two variables x and y, define a new 
variable which is either their product, in the case that y is a decreasing function 
of x or quotient, in the case that y is an increasing function of x. If this new 
variable is a constant, search has succeeded, if not the process is repeated with 
the new variable. These heuristics are suitable for finding relations of the form: 
X'ym = constant or a linear function of x or y. Qin and Simon (1988) demon
strate how BACON rediscovers Kepler's second law, based on planetary data. 
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Although BACON's heuristics are suitable to find only a limited set of functions, 
it shows that there may be special search operations in relation space, falling 
under the category of "change relation", which describe possible transfers 
between relations on the basis of experimental data. 

2.5 EXPERIMENT SPACE 

The second important search space introduced in the SDDS theory is 
experiment space, the space of all instances available to the learner to test 
hypotheses or to obtain data from to form an initial or new hypothesis. 
Experiment space is the space that can be questioned about the domain. 
Questions will be stated. in the form of experiments, that is manipulations of 
variables. Answers to these questions are the changes in values of observed 
variables. 

Whereas the basic components of hypothesis space are (conceptual) 
variables and relations, experiment space consists of value-tuples, tuples of 
value assignments to sets of variables. The variables in these tuples are 
instantiations of the more general variables in hypothesis space, making the 
hypothesis space variables abstractions of experiment space variables. For 
example, in a simulation of a harmonic oscillator in the conceptual model the 
variables position and velocity are defined (see Chapter 3 for the complete 
example). In experiment space, these variables are instantiated with a specific 
instance of a oscillator, say an oscillator called "pendulum-1 ". The value-tuples . 
experiment space then have the form: 

(posilion(pendulum-1) = <value>, ve/ocity(pendulum-1) = <value>) 

The values in a value-tuple may be set by the learner or be generated by the 
simulation. The values in a tuple may, of course, only be members of the 
value-range associated with the variable, which may include both qualitative 
and quantitative values. An experiment design is defined by value-tuples for 
which only the values manipulated by the learner are set. After performing the 
experiment with the simulation, also the remaining value-assignments are filled 
in. 

In the most simple case, the data that may be obtained from the simulation are 
simply values generated by the runnable model. In less simple cases, the data 
to be obtained from the simulation first needs some transformation to fit the 
abstract variables in hypothesis space. For example, in the case of the 
harmonic oscillator, to obtain a value for an instance of the variable "ampli
tude", one may need to interpret a graph to determine the difference between 
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the maximum and minimum position of a pendulum. Also a transformation 
from a quantitative to a qualitative value may be needed. 

Search operations in experiment space are determined by selecting variables to 
manipulate and the nature of the manipulation (i.e., the determination of the 
new value of the variable). The choice of search operations will be directed by 
the hypothesis under investigation. Other than in the hypothesis spaces (or any 
problem space), there is no goal node in experiment space, any node in this 
space provides information about the validity of hypotheses in experiment 
space. Of course, in order to collect enough valuable data to determine the 
truth value of a hypothesis, one should explore a reasonably large region of 
experiment space. 

2.6 MOVING BETWEEN SPACES: INSTANTIATION AND ABSTRACTION 

During the discovery process the learner frequently needs to switch attention 
from one search space to the other. When going from hypothesis space to 
experiment space the learner has to select an appropriate instance from the 
experiment space variables and when going in the opposite direction the learner 
has to abstract the value-tuples found to draw conclusions for hypotheses. 
These switching processes are called instantiation and abstraction respectively. 
These movements are described by the instantiation relation between hypothesis 
and experiment space. 

Qin and Simon (1990) have bypassed the problem of instantiation and 
abstraction by supplying their subjects with one single set of value-tuples which 
should be used to find a rule. The variables were abstracted from their context. 
This implies that no instantiation step was necessary to identify the instantiated 
variables with the variables spanning hypothesis space. In many simulations, 
however, such a bypass is impossible and undesirable, for instance when 
identifying variables is one of the learning goals. 

Instantiation is a many-to-many relation of the set of conceptual variables to 
experiment space variables, stressing that the conceptual variables represent a 
certain class of experiment space variables, behaving in a similar way. On the 
other hand a single experiment space variable may be an instantiation of more 
than one conceptual variable. This may be illustrated by the following 
example, taken from the domain of the experimental studies presented in this 
thesis (Chapters 6 through 8). In this domain three different types of error are 
distinguished, two of them are "error of a quantity participating in a calcula
tion" and "error in a calculated quantity". It is clear that, in the runnable 
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error 

•' ,./.~ ,-' 

[ bW.::]'-----" 
Filure 4-3 Example of a variable hierarchy and instantiation. 

model, a calculated quantity may itself be involved again in another calculation 
so its error can play both roles in the conceptual model. In Figure 4-3 this has 
been illustrated by a part of the variable hierarchy used in the description of 
this domain. In this figure, ellipses represent conceptual variables whereas the 
rounded rectangles represent runnable variables. The names of these latter 
types should be read as error in .... Solid lines represent the variable hierarchy, 
whereas broken lines represent instantiation relations. It should be noted that 
these instance relations do not occur on their own, they are related with 
relations in the conceptual model. For example, "result 1" is only instantiated 
as "partial error" when its relation with "result 2" is addressed. This latter 
aspect is not represented in Figure 4-3. 

I 

3 Summary, conclusions and consequences 

In this chapter exploratory learning with a computer simulation was 
characterized as construction of a mental conceptual model of this simulation. 
This task is a parallel activity of concept classification and rule induction. The 
latter part of this task is one of dual space search: stating hypotheses and 
designing experiments to test them are both search processes, each with its 
own search space. The relation between these search spaces introduces the 
concept classification task: the variables and groups of variables which play 
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certain roles in the simulation must be abstracted to conceptual variables used 
to reason about the simulation at the conceptual level. In the terms employed 
in the current chapter this means that a learner has to classify the instances 
presented by the simulation by forming instantiation relations to the conceptual 
variables, either formed by the learner or offered by the learning environment 
in which discovery learning takes place. 

On the basis of a framework for conceptual modelling, the structures 
(using conceptual variables and generic relations) of the search spaces can be 
described. These structures are implicit in the framework of variables and in 
the relation typology used to detine the conceptual model. On the basis of the 
structure of hypothesis space one can define possible search operations in this 
space and look for search heuristics. 

On the basis of the theory presented, some predictions can be stated about the 
behaviour of learners in an exploratory simulation environment. The learner's 
ability of performing search operations in hypothesis space depends on the 
knowledge of the elements of hypothesis space, i.e., variables and relations. 
Therefore, the learner's search processes will be positively influenced by 
providing information on these elements. By offering this information, it will 
be easier for the learner to enlarge the learner hypothesis space and the learner 
search space, leading to an easier performance of search operations. 

Also, it can be hypothesized that offering insight in the structures of 
relation space and variable space will have a positive influence on the 
performance of search processes, since these processes operate along the 
dimensions defined by these structures. Of course, the quality of the search 
process will also depend on the knowledge of the search operations themselves 
and on the motives that learners have for performing search operations, that 
is, in order to select a certain search operation, the learner needs to know how 
to perform it and to see a reason to perform it. 

The ability of the learner to design experiments for testing hypotheses 
and drawing conclusions from experiments, depends on the insight the learner 
has in the instantiation relations between hypothesis and experiment space. This 
relation will be more difticult to comprehend when the distance between the 
hypothesis space variables and their instantiations in experiment space is 
greater, i.e., if more interpretation steps are needed to find the consequences 
of an experiment for an hypothesis. For instance in the case the variables in the 
hypothesis are general, drawing a conclusion will be more difticult than for 
Jess general hypotheses. 
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The subdivision of hypothesis space in a number of subspaces based on the 
knowledge of the learner (learner hypothesis space and learner search space) 
creates the possibility to represent the learner's knowledge state as an overlay 
of values from the set {true, false, unknown} over the learner search space. 
This representation may be included in an intelligent tutoring system as (part 
of) a learner model. Such a learner model (Duchastel, 1988; Ohlsson, 1986) 
is necessary to generate instruction adapted to the individual needs of the 
learner. In the case of learning environments built around simulations, these 
instructional measures can be directed at providing means of support for 
specific learning processes, e.g., specific search operations in hypothesis space. 

A learner model created in the way described above has similarities 
with, the overlay model or bug model approach (e.g., Anderson & Reiser, 
1985; Anderson, Boyle, Farell, & Reiser, 1987; Clancey, 1986) in which the 
knowledge of the learner is represented with an overlay over the target 
conceptual model (of an expert). This approach has often been criticised, 
because of its limitations (e.g., Laurillard, 1990; Hennesy, 1990). However, 
there is one essential difference of the bug model approach with the one 
described in this chapter. In the approach presented here, the overlay is defined 
over the Ieamer search space which may encompass more hypotheses than 
those in the target conceptual model. Also this search space may be extended 
by the learner. These two facts bring on the need for techniques to measure the 
deviation of the learner model from the target conceptual model. This deviation 
can be measured along the dimensions introduced in the current chapter: 
precision, scope, correctness, and domain of applicability. In Chapter 9 a 
technique for comparing learner and target models will be presented. 



5 
CREATING AN EXPLORATORY ENVIRONMENT: 

A DOMAIN, A SIMULATION AND 

A HYPOTHESIS SCRATCHPAD 

This chapter serves as an introduction to the experimental studies to be 
described in Chapters 6-8. The chapter contains a description of the domain 
that was involved in these studies, both in an informal and semi-formal way. 
Also, the first version of a computer simulation of this domain is presented. 

Apart from the simulation a set of structured tbrms, a hypothesis 
scratchpad, was given to the student as a supportive instrument for structuring 
hypothesis space. Together with the simulation, these scratchpads define the 
exploratory environment used in the experimental studies. 

To finalize the design of both the computer simulation and the 
hypothesis scratchpad to be used in the first experimental study, a pilot study 
has been performed. A report of this study is included in this chapter to serve 
as a rationale for the final design. 
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1 The Domain: Error analysis in chemistry 

A well known phenomenon in chemical experimentation (and experimentation 
in almost any other domain) is that measurements are never completely 
accurate. Every measurement results in a value that is not the exact value of 
the measured quantity but a value more or less close to it. In general two types 
of sources may be the cause of this measuring error: 

• A systematic error in the measuring apparatus, for example a 
ruler that is too short or a balance which always generates 
values that are too small. Errors resulting from this kind of 
cause are called systematic or determinate errors. Their 
characteristic is that they always have the same (absolute or 
relative) value and sign for every measurement performed. 

• Errors resulting from random, uncontrollable events, such as 
noise. These are called random or indeterminate errors. Their 
size and sign varies for each measurement performed. 

When a large number of measurements of the same quantity is performed 
measurement theory predicts that the measurements will be distributed around 
a mean value in a normal distribution due to the random error (e.g., Skoog & 
West, 1982). The mean value is an estimate for the real value of the measured 
quantity, plus the systematic error. The standard deviation of the distribution 
is a measure for the occurring random errors. A value depending on one or 
more measured quantities by calculation is also not known precisely. Such a 
value also shows systematic and random errors, caused by errors in the values 
of which it is dependent. 

About this domain of error analysis, a simulation has been developed which 
offers the possibility to explore the occurrence of errors during measurements 
by simulating a simple chemical experiment: a titration. In this titration 
experiment the concentration of an unknown solution of acid is determined by 
adding a known solution of a base, until an equilibrium situation is reached. 
This equilibrium point is indicated by an indicator, which changes its colour 
near equilibrium of an acid-base solution. From the known concentration of the 
base, the amount of base solution added and the amount of acid solution, the 
unknown concentration can be calculated. 

The students that will use the simulation are familiar with the titration 
experiment but not with the statistical aspects of measurement. The experiment 
chosen (titration) is not of primary importance: emphasis will be on the 
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statistical aspects of the measurements and on the ways to achieve optimal 
experimental results. In principle, any experiment involving measurements 
would be suitable to serve as a basis for explaining error analysis. The choice 
for the titration experiment was motivated by the fact that an unfamiliar 
domain would possibly distract the students to much from the measurement 
analysis. The main goal of the computer simulation is to provide the learner 
with an environment in which a conceptual model of error analysis can be 
obtained, necessary for creating proper designs of chemical experiments. 

2 A conceptual model of error analysis 

2.1 GENERAL DESCRIPTION 

The model underlying the simulation consists of two submodels. One submodel 
describes the titration experiment, the other describes the statistical features 
(based on the theory of measurement). The titration model is a simple model 
for the calculation of the concentrations of the acid and base in the titrated 
sample, and other quantities as function of the amount of titration solution 
added. This model will not be discussed here. The statistical model is more 
important for the current study and will be described in more detail. 

The focus of the simulation and of the conceptual model discussed below is on 
the properties of the indeterminate error. Determinate errors do occur in the 
simulation, as an example, but their effect is not emphasized. They are not 
represented in the conceptual model. 

The single most important concept present in the statistical model is 
that of standard deviation. This standard deviation is a measure for the 
indeterminate error. According to the theory of measurement, the values that 
will be measured are scattered around a mean value (the "real value") with a 
standard deviation u. In principle, this u can only be determined from an 
infinite series of measurements (in practice some large finite number of 
measurements is sufficient to obtain a satisfactory estimate). In practical 
situations such a large number of measurements often cannot be performed. 
Especially in a titration experiment the number of measurements that can be 
performed is limited. The reason for this is that titration measurements are 
time-consuming and that they use a relatively large amount of the unknown 
solution that is being investigated. In practice typically three or four titrations 
are performed for one sample. 

In such situations other methods are available to make an estimate of 
the standard deviations involved. First, one can calculate an estimate based on 
data available from the measurement instruments used. This data often is 
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available from the manufacturer of the instrument, or can be obtained by 
calibration, i.e., performing a large number of measurements of a known 
sample. Second, an estimate for u can be calculated from a small number of 
measurements, using an adapted formula. A (significant) difference between 
the two estimates for the indeterminate error of the calculated quantity is an 
indication that a contributing error has been overlooked or that the experiment 
was not carried out in a proper way. 

In the following sections the concepts introduced above will be described in a 
semi-formal way. Appendix A contains a description of the conceptual model 
of error analysis using the conceptual modelling framework introduced in 
Chapter 3. 

2.2 VARIABLES 

In the conceptual model the standard deviation as representant for indetermi
nate error is represented by a single variable, called error. This variable 
represents the highest level of error type: all indeterminate errors are subtypes 
of this variable. 

Subtypes of the type error are derived on the basis of the type of error 
(relative-error or absolute-error) and the role the error plays in the process of 
interpreting the meaning of the error. Three roles can be identified: an error 
calculated from a series of measurements (data-error), an error obtained from 
a calculation using other quantities (calculated-error) and an error taking part 
in such a calculation (partial-error). The roles can be combined, resulting in 
six subtypes of the error variable, as depicted in Figure 5-1. 

Besides the error variables, other variables are needed to describe the 
conceptual model. Two of them need no introduction: the number of times a 
measurement has been performed and the amount of a certain ingredient, e.g., 
the size of a sample. Also a variable error-change-type is defined, describing 

' the way an error changes when an amount changes. This variable has two 
qualitative values: absolute-error-constant and relative-error-constant. The 
value of this variable is an attribute of a measuring device used. For example 
for a burette, the absolute error is constant, independent of the amount 
measured. For a balance often the relative error is constant, i.e., the absolute 
error varies with the size of the mass that is being determined. 

Finally, the reliability of the measurement series as a whole is introduced. This 
is a qualitative variable which indicates the amount of success of the 
measurement, indicated by the difference in the two estimates (calculated from 
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error 

a-p-err a-c-err r-p-err r-c-err 

Figure S·l Hierarchy of variables representing types of error. 

information on the measuring instruments and calculated from a small number 
of measurements) for the total measuring error. 

2.3 RELATIONS 

The current section will not give a comprehensive overview of all relations 
present in the domain. Only the most important ones, those involved with the 
propagation of errors in calculations will be presented. An overview of all 
relations is given in Appendix A. 

The relations that describe the domain are based on the error 
propagation law. This law states that measuring errors in quantities used in a 
calculation propagate into the final result in the following way: 

In this equation X is the quantity to be determined, which is dependent of the 
values of the quantities x1, ... , xN. u(X) is the calculated error in X. This law 
is very general, and can be derived from the properties of the normal 
distribution. In practice, the law is mostly used for dealing with additions and 
multiplications between quantities. For these cases simpler version of the law 
can be derived, expressed in the following three relations9

: 

~be derivations of these relations are not given here. Tiley can be found in Skoog & West 
(1982). 
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Combine-error law 
If two partial-errors are combined, the calculated-error equals 
the square root of the sum of the squares of the two partial
errors. 

Add-errors 
If two quantities are added or subtracted, the absolute 
calculated-error of the sum or difference is obtained by 
combining the absolute partial-errors. 

Multiply-errors 
If the quantities are multiplied or divided, the relative calcu
lated-error of the product or quotient is obtained by combining 
the relative partial-e"ors. 

The first of these relations is a quantitative one, and it gives rise to an 
important qualitative statement: 

Unbalanced errors 
If two partial-errors are combined and one is at least one 
order of magnitude greater than the other, the calculated
error equals the largest error. 

Of course, also ways for establishing the magnitudes of errors by calibrating 
equipment are needed. There is one important relation between the number of 
measurements (during such a calibration and in general) and the error 
calculated from this measurement: 

Repeated measurements 
The error calculated from a series of measurements 
approaches a conStant value, a. Between 5 and 10 measure
ments are sufficient to reach a sufficient approximation. 

Finally, an important relation is that between the amount of a sample and the 
error in the measurement of that sample. There are two types of samples, one 
with a constant absolute error, one with a constant relative error. 
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Increasing samples 
If the absolute error is constant, the relative error decreases 
with increasing amount. If the relative error is constant, the 
absolute error increases with increasing amount. 

3 4SEE, an interactive simulation for exploring error analysis 
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In this section the simulation 4SEE (Statistics Simulation System as a 
Supportive Exploratory Environment), will be discussed. 4SEE has been 
developed for MS-DOS Computers using C as programming language. The 
complete environment consists of the simulation and a mock-up of an 
additional supportive tool for generating hypotheses, a hypothesis scratchpad. 
In the first version these mock-ups consisted of paper forms. A later version 
of 4SEE, to be described in Chapter 7, includes an electronic version of the 
scratchpad. 

3.1 THE RUNNABLE MODEL 

The runnable model follows the same decomposition as the conceptual model 
in a titration model and a statistical model (see Section 2). The titration model 
takes "real" quantities as input, such as the size of the sample and the amount 
of titration solution added to the sample. It returns the current status of the 
sample, expressed in the pH of the sample and a colour index of an indicator 
added to the sample. The titration model also calculates the (unknown) 
concentration of the sample after the titration has been stopped. 

The statistical model enables the simulation of the occurrence of errors. The 
values that are input to the titration model are generated by the statistical 
model by drawing at random from a normal distribution. Values presented to 
the learner are "measured" values, i.e, the values drawn from the normal 
distribution. The learner does not see the "real" values generated by the 
titration model. 

The simulated experiment includes two titrations: one to determine the 
concentration of the (base) titration solution by titrating a known amount of a 
so-called primary standard. This primary standard is an acid of well-known 
properties. The amount of primary standard is determined by weighing. Using 
the same titration solution, a second titration is performed of a sample of a 
solution of hydrochloric acid (HCI) of unknown concentration. Before the 
titrations are performed, the equipment used for performing measurements 
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{balance, burette, pipette) is calibrated by performing repeated measurements 
on known quantities. The titration measurements can be repeated any number 
of times as necessary. Also it is possible to exclude titration measurements 
from further calculations, for example when too much titration solution has 
been added. 

3.2 LEARNER INTERACTION 

The learner can control the values of nine variables in the simulated experi· 
ment. These include the choice for and amount of primary standard, the sample 
size of the unknown solution, and the number of times measurements and 
calibrations are repeated. During the performance of the titration measure· 
ments, the learner is provided with a screen showing the colour of the indicator 
signalling equilibrium. The learner can control the addition of titration solution 
through keyboard operations. 

The simulation program consists of two parts, an introductory part and an 
exploratory part. In the introductory part the student is made familiar with the 
experimental setting, the variables that can be controlled and the operation of 

Overview of experiments performed 

1. Primary standard chosen 
2. Indicator chosen 
3. Amount of primary standard 
4. Calibration of balance (nullber of times) 

Standard deviation of balance (mg) 
5. Calibration of burette (number of times) 

Standard deviation of burette (ml) 
6. Nl.lltler of measurements 

Result for titration solution (mol/l) 
Standard deviation (measured) 
Standard deviation (calculated) 

7. Pipette chosen 
8. Calibration of pipette 

Standard deviation of pipette 
9. Nl.lltler of measurements 

Result 
Standard deviation (measured) 
Standard deviation (calculated) 

c 
A 

230.0 
4 

14.39 
3 
0.0063 
8 
0.0354 
0.0024 
0.0625 

10 ml 
4 
0.0027 
2 
2.0061 
0.0274 
0.1095 

Choose parameters to change, by typing the appropriate number. Confirm your 
choice with <enter>. Type <B> to see the confidence interval. 

F'agure 5-2 The control centre of the simulation. An overview is shown of the results of the first 
experiment. 
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the computer. During this guided tour the learner sets the values of the learner
controlled variables for the first time. 

In the exploratory part the learner can change the values of the learner
contro11ed variables. Figure 5-2 shows the screen on which the learner can 
indicate which variables will be changed. After the learner has confirmed this 
choice the new values for the selected variables can be entered. The simulated 
experiment is repeated with the new values and the results are displayed in a 
new column on the screen as displayed in Figure 5-2. 

3.3 THE HYPOTHESIS SCRA TCHPAD 

The learning environment designed contains, apart from the simulation, an 
instrument for supporting the search through hypothesis space, a hypothesis 
scratchpad. Using this instrument the learner can construct hypotheses, using 
a predefined structure offered on the scratchpad. There are two main functions 
of the scratchpad: 

• Support learners in their search through hypothesis space. 
• Obtain iriformation about the learner's search through hypoth

esis space. 

According to the theoretical framework of Chapter 4, constructing a hypothesis 
consists of: 

• identifYing variables 
• selecting variables 
• defining the (generic) relation that is hypothesized to hold 

between the selected variables 

The design of the hypothesis scratchpads included in 4SEE was inspired by 
some examples of similar learner instruments that are described in literature. 
Before presenting the final design of the hypothesis scratchpads some of these 
examples will be presented. 

Smithtown, a microworld on economics (Shute & Glaser, 1990) 
contains a so-called Hypothesis Menu, that supports students in stating 
hypotheses about the model. The hypothesis menu offers a structured frame
work for entering hypotheses. The most important elements are the Objects and 
Verbs. The objects correspond to variables in the simulation and verbs express 
the behaviour of the objects under conditions, expressed in the same hypoth
esis. The other two elements in the hypothesis menu are connectors and the 
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direct object menu which are used to form well formed sentences and to 
specify the hypothesis more precisely respectively. An example hypothesis 
entered in the hypothesis menu of Smithtown could be: "as price increases then 
quantity demanded decreases" (Shute & Glaser, 1990, p. 292). 

Michael, Haque, Rovick, and Evens (1989) use a hypothesis menu in a 
learning environment for pathophysiology problems. The goal for the learner 
is to locate a malfunction of a patient on the basis of given symptoms. The 
hypotheses that can be entered take the form of an area of the model where the 
defect may be located. The learner may select hypotheses from a menu of 
ready-made hypotheses. The system offers the learner a set of nested menus 
to select from. After the hypothesis has been chosen the learner can collect 
data to support the chosen hypothesis. 

Hardey, Byard and Mallen (1991) use a graphical representation for learners' 
hypotheses in their v ARILAB system. A nice feature of this system is that the 
consequences of the hypotheses being stated can be simulated, using a 
qualitative reasoning technique based on qualitative process theory (Forbus, 
1984). 

The first version of the hypothesis scratchpad consisted of two parts: a 
hypothesis part and an experiment/prediction part. In the version used in the 
pilot experiment these two parts were located on the same form. 

On the hypothesis part students could state hypotheses; on the experiment part 
they could state their plans for experimentation and their predictions about the 
outcome of the planned experiments. After each simulation run, 4SEE 
prompted the learner to fill in one form. 

Two different versions of the scratchpad were developed: a structured 
one and an unstructured one. The unstructured scratchpad contained areas for 
hypothesis and experimentS as described above. No hints were given on the 
scratchpad about the form the hypotheses should have. The scratchpad further 
had areas where the student could state whether there was supporting or 
contradicting evidence for the hypothesis and a question how certain the 
student felt about the hypothesis stated. 

The structured scratchpad had the same basic structure as the 
unstructured ones and, additionally, contained, in both the hypothesis and 
experiment part, a set of eighteen variables from which the learner could make 
a selection to construct an hypothesis or experiment. The variables that were 
presented in the list were directly present in the simulation, i.e., instances of 
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the general variable types. All variables that were present on the overview 
screen (see Figure 5-2) were present in the list. The two lists for the hypothesis 
part and the experiment part were exactly the same. 

4 Pilot study 

With the simulation and the two versions of the scratchpad as described above, 
a pilot experiment was conducted. The main goal of this pilot experiment was 
to investigate whether students understood the idea of a hypothesis scratchpad 
and to have a first investigation of hypotheses generated by students, in order 
to design the hypothesis scratchpads for the study that will be presented in the 
next chapter. The results of this pilot study are reported here because they 
provide information used for the final design of the hypothesis scratchpads used 
in the first main experiment. 

4.1 METHOD 

Subjects were six first-year chemistry students. They had received some formal 
education in error analysis, and almost one year of experience with chemical 
experimentation, as part of their normal study program. Three of the students 
received unstructured scratchpads, three received structured ones. Each ofthe 
students worked individually with the computer simulation. An observer was 
present with each session. The observer did not provide the subject with 
dOinain information; only some hints on the operation of the computer program 
and the use of the scratchpads were given. 

All subjects received a written introduction, with an explanation of the 
use of the hypothesis forms and some examples of hypotheses. The instructions 
were different for the two versions of the scratchpads. Apart from this written 
introduction the students also were instructed orally. 

4.2 DATA 

Data collected consisted of the forms filled in by the students and the 
interaction of the students with the simulation, collected in a log-file. Also 
thinking-aloud protocols were collected from each student. The data was 
divided into meaningful units. A meaningful unit could be: 

• A hypothesis entered on a scratchpad 
• An experiment entered on a scratchpad 
• A prediction on a scratchpad 
• A remark on the analysis of experimental data on a scratchpad 
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Table 5-l Extr&:t of a data sheet, the texts in the sheet have been translated into English. Italics 
represent protocol utterances, normal types refer to filled-in forms or log-file data. 

Nthellnt --·"'· -t•the 
MIQOitl/ /11110 wiH. 

If tM efror in the 
vokMMofthe 
pipette '- iNccur· 
ete, the reeult will 
•o be Inaccurate 

If the effor in the 

**-dec••-
then the error in 
the burette ,_and the 

error in the reeult 
deer-

None11.d 
inc-IN 1111 othtml 
incrNIIII roo 

I expect thilt the 
more timtt• you 

I'Md" IIIH!IUI'O

fmlllttMm,_ 
IIC<:IIflftfllt wiH IHI 

Experiment 

I will change the 
number of 
meeeuremente of 
the pipette and 
wetch the reeult of 
the determination 

Chonge: the 
number of c81ibra· 
tione of the 
b81ence and the 
burette, w etch the 
reeult 

Prediotion 

It will be more 
accur.te 

All will become 
more accur•te and 
the result will 
chonge a little 

I 

Performance 

9 calibrations of 
the balance 

20 calibratione of 
the burette 

The measured 
standard deviation 
is big but smaller 
than that of the 
pipette 

The inaccurac'-a of 
all three variab'-a 
support the 
hypothesis but the 
burette is not 10 

inaccurate as you 
might expect from 
the b81ance. 

The r&sult did 
c~~ tMti• 
whllt I illlfJ'IICted. 

The .randMd .U.vi-
fltion inctM&itd, 
thilt i~ .tr.nge 

Thll clllibnltion of 
theburettilhu 
become w-,1 
did nqt lfll{J<ICt 

thet. hrhllp~ I did 
MJmething WNin(l, 

IItts rry it lf(/llln. 
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• A physical action with the simulation, reconstructed from the log-file, 
including changes of variable values and simulation runs. 

• A protocol utterance which could be classified in one of the categories 
hypothesis, experimental plan, prediction or data analysis, or an 
utterance which was directly related to physical operation of the 
simulation. 

Meaningful units were classified in five categories: hypothesis, experiment, 
prediction, performance and data analysis. The choice of these categories was 
based on the learning processes identified by Njoo and DeJong (1991). 

The data was carried to data sheets which had columns for each of the 
five classification categories. An example of such a sheet is shown in 
Table 5-1. The vertical dimension of the sheets represents time. When units 
appear on one line in the table it could not be determined which event 
happened first, mainly because they were entries on one sheet. The data-sheets 
give a global overview over the students' learning processes. 

The data was further analyzed using an assessment scheme, based on 
the theoretical framework described in Chapter 4. This assessment scheme 
makes explicit reference to the conceptual model of error analysis described in 
Section 2. The assessment scheme was revised several times during the analy
sis. In Table 5-2 a summary of this assessment scheme is presented. It reflects 
the dimensions of hypothesis space as discussed in Chapter 4. Applying the 
assessment scheme results in a set of learning indicators (Shute, 1991). 

4.3 RESULTS 

The average duration of a session was lh 40m. During this time the students 
filled in an average number of 6.0 forms for the structured group and 5.7 
forms for the group using unstructured scratchpads. In Table 5-3 a summary 
of the use of the scratchpads is given. Some effects are can be observed10

: 

Many hypotheses are not well-formed. 
Of all hypotheses stated on the scratchpads, 45% was not well formed. This 
suggests that learners may have trouble with the formulation of relations. 
Especially the formulation of relations seems to be difficult. 

100ue to the small number of subjects it will be clear that none of the results is expected to 
be statistically significant. Therefore, no statistical tests were applied. The informal results 
presented here are only used to serve as a rationale for the final design of the scratchpads, no 
claim is made for universal validity of any kind. 
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Table 5-2 Outline of the assessment scheme used for the pilot experiment. Items marked with * 
refer to the conceptual model of the domain. 

Hypothesis 

Variables in relation· 
Relevance of relation· 

Is there a relation between the variables chosen in the conceptual 
model? 

Relation type 

Precision 
Generality 
Correctness· 
Relation with previous data analysis 

Experiment 

Relevant for testing hypothesis* 
(changing one of the input variables in the hypothesis) 

Confirmatory/Disconfirmatory 
(Ability of experiment for giving confirmatory or disconfirmatory 
evidence) 

Prediction 

Consistent with hypothesis and experiment 
Confirmatory /Disconfirmatory 

Data analysis 
Result 
Selection of relevant data 
Conclusion correct? 

Often non-relevant relations were chosen. 
In 3 of 11 {well-formed) hypotheses for the structured scratchpads and 2 of 5 
for the unstructured scratchpads a variable pair was selected about which a 
relevant hypothesis could be formulated. In the other cases pairs were selected 
for which it was apparent {from the structure of the model) that there would 
be no relation. Of course a learner may have another view on this matter (and 
this view should be explored) but on the other hand one does not want the 
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Table 5·3 Summary of the use of hypothesis scratchpads 

Well- Rele- Rele· lrrele· 
No. formed vent No. vant R.E.+ vant 

No. Hypo· Hypo· rela· experi· experi· Rei. exper· 
Subject Forms theses theses tions ments ments Pred. iments 

Structured scretchpads 

1·1 1 7 7 0 0 7 0 0 6 

1·22 5 6 6 3 4 4 4 0 

1·3 6 7 5 03 6 6 6 0 

Total 
struc· 
tured 18 20 11 3 17 10 10 6 

Unstructured scratchpads 

11·1 5 5 0 0 4 2 2 

11-24 6 5 5 2 2 2 0 0 

11·3 6 6 0 0 4 0 3 

Total 
unstruc· 
tured 17 16 5 2 10 5 5 

Notes: 

1 Subject 1-1 did not seem to catch the idea of a relation. In 5 of his 7 "hypotheses" he only 
checked one variable. 

2 Subject 1-2 did not check any variable but all his hypotheses were well-formed, using the variable 
names from the sheet. 

3 Subject 1·3 was confused by the term "Result" on the sheet. She stated that the result was more 
"accurate", a relation that should be applied to the standard deviation (that becomes small). 
When the use of "Result" would be replaced by the standard deviation she would address an 
important relation three times. 

4 Subject 11-2 twice entered "No idea" in the hypotheses area. These two forms were not counted 
in this table. 

learner to spend too much time in exploring such a relation. 

Often non-relevant experiments are designed. 
Table 5-3 shows that quite a large number of the experiments described on the 
experiment part of the forms were not relevant for testing the hypothesis, e.g., 
because the variables that were manipulated were not the variables about which 
the hypothesis was stated. 

From the data sheets some further observations could be made: 
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Hyp. Exp. Pred. Perf. Data Hyp. Exp. Pred. Perf. Data -... ... -... -... ... 

- --... ... ...-... -... ...-- -- -... 
Subject 1-2 Subject 11-2 

Figure 5-3 Two outlines of data sheets (only the activities are depicted, nor the contents) Sheet 
1-2 can be seen as theorist behaviour 1/-2 as experimenter behaviour. 

Hypotheses were stated at a low level of precision. 
Subjects stated hypotheses almost always at a low level of precision, i.e., a 
qualitative relational level (PIOtzner & Spada, 1992), like "if the error in the 
balance decreases, then the error in the burette decreases". Only one time a 
subject indicated that he looked for a more precise hypothesis (without actually 
stating it). 

No generalizations of hypotheses are observed. 
Both the subjects working with the structured and those working with un
structured scratchpads did not try to generalize their hypotheses. Hypotheses 
were stated only about variables, not about variable types. For example a 
hypothesis about a specific 'partial error-total error relation was not generalized 
for all such relations. 

An informal confirmation of experimenter/theorist behaviour was found. 
The outlines of data sheets presented in Figure 5-3 show that the two strategies 
(theorist and experimenter strategies) as identified by Klahr and Dunbar (1988, 
see Chapter 4) also can be observed within this pilot experiment. In this 
picture, boxes represent meaningful units, obtained from the completed 
scratchpads, the log-files or the think-aloud protocols. Arrows mark which 



THE DOMAIN, SIMUI.ATION AND ENVIRONMENT 85 

boxes represent moments at which the subject was prompted to fill in a form 
(Subject II-2 did not fill in the first three forms). 

The fill patterns of the boxes indicate the relation in the conceptual 
model to which the represented activities refer. It can be read from the figure 
that subject I-2 first states his hypothesis about a relation and furthermore tests 
this hypothesis. Subject 11-2 tirst carries out several experiments before stating 
his first hypotheses about a certain relation. (The fact that he did not state 
predictions was due to the specific lay-out of the unstructured scratchpads, no 
conclusions should be drawn from this fact). 

4.4 DISCUSSION 

The pilot study presented in this section reveals some of the problems learners 
may have with using hypothesis scratchpads. The fact that many hypotheses are 
not well formed indicates that support on this learning process is necessary, not 
only on the level of variables, but also on the level of relations to be chosen. 

A comparison of the two data sources used in the pilot experiment 
reveals that they seem to be consistent, i.e., the information on the hypothesis 
scratchpads is consistent with the utterances found in the thinking aloud 
protocol. This means that the hypothesis scratchpads may be used as a data 
source in further experiments. 

The next chapter presents a study with new versions of the hypothesis 
scratchpad. The final design of these scratch pads, influenced by the pilot study 
presented in the current chapter, will be presented in Chapter 6. 





6 
SUPPORTING HYPOTHESIS FORMATION USING 

A MOCKED-UP HYPOTHESIS SCRATCHPAD 

This chapter reports on an experimental study performed with the simulation 
and the hypothesis scratchpad described in the previous chapter. The hypoth
esis that was tested in this study was that offering information about the 
elements of hypothesis space, variables and relations, as well as a structure for 
stating hypotheses has a positive influence on the exploratory behaviour of 
learners exploring a computer simulation. Using this information and structure 
learners will be able to enlarge the learner search space and learner hypothesis 
space more easily than learners not having access to this information. 
According to the theory presented in Chapter 4, this will lead to a better 
performance of search processes in hypothesis space. 

The quality of the exploratory behaviour was assessed using a number 
of indicators: the activity level of the learners; a general assessment of the 
functioning of the hypothesis scratchpad; an assessment of the hypotheses 
stated by the learner relative to a target conceptual model as presented in 
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Chapter 5; and the lines of reasoning in hypothesis space search followed by 
learners while exploring the simulation. 

1 The hypothesis scratchpad and general set-up 

The information on hypothesis space elements was communicated to the 
learners by means of a hypothesis scratchpad, as introduced in Chapter 5. The 
scratchpad both served as a supportive measure (offering information and 
structure) and as a source of information about the learners' exploratory 
behaviour. 

The preliminary findings of the pilot experiment, described in Chapter 5, were 
used to adjust the scratchpad and the computer simulation (4SEE). The simula
tion was not changed essentially; only some bugs were fixed, and part of the 
titration process was automatized in order to decrease the time needed for each 
experiment. 

The hypothesis scratchpad was adjusted more dramatically. In order 
to assist learners in forming well-formed hypotheses, a relation selection aid 
was introduced, since it was found in the pilot study that in many cases 
hypothesis were not well-formed because of badly described relations between 
the variables selected. Also, by adding both more and less precise relations on 
this relation selection aid, learners receiving this aid would be stimulated to 
select the more precise relations, i.e., perform more specification search 
operations. Also, some extra information on the nature of the variables was 
added, in order to assist learners to choose more relevant relations. 

A final change of the scratchpad was the selection of the variables 
presented. In the version used in Chapter 5, the variables on the scratch pad 
were instances, variables directly represented in the simulation. For the current 
study, it was decided to present the learners with more general variables, in 
order to provide opportunities to state hypotheses at a more general level. 

' 

In the current experiment, the scratchpad as presented in Chapter 5 was split 
into two separate scratchpads: a hypothesis scratchpad and an exper
iment/prediction scratchpad. Each of the scratchpads consisted of a number of 
paper forms. 

Three versions of the hypothesis scratchpad were used. The three 
scratchpad versions differed in the amount of information they contained, and 
in the presence of a structure for stating hypotheses. The different versions will 
be referred to as the structured, partially structured and unstructured 
scratch pad. 
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D 
Relative Partial 
errror:Error of a 
quantity that takes 
part In a calculation 
of another quantity. 

Figure 6-1 A slruclured hypothesis scratchpad as used in zhe experiment 

89 

The structured scratchpad consisted of three tables (see Figure 6-1) . Each table 
contained building blocks for the construction of a hypothesis. There was a 
table with variables, one with conditions and one with relation prototypes. A 
learner could construct a relation by selecting two or more variables, a relation 
prototype and, optionally, a condition to limit the domain of validity of the 
relation and combining these building block into a complete relation. 

The variables presented in the variable table were taken from the 
conceptual model of error analysis that has been described in Chapter 5. The 
variables on the scratchpad were more general than those found in the runnable 
model. Also some concepts only existing at the conceptual model level, like 
'reliability' occurred on the scratchpad. 

The relations on the scratchpad were all relations present in the 
conceptual model of error analysis (Chapter 5), completed with a number of 
relations that were plausible alternatives for these relations. The list of 
conditions was constructed in a similar way. A hypothesis on a structured 
scratchpad could be constructed by selecting variables and a relation, and 
filling in the slots of the relation with the variables. Optionally, a condition 
could be added in a similar way. 

The partially structured scratchpad shared the variable table with the 
structured scratchpad, but did not contain a relation construction part. The 
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learners had to describe the relation in natural language, using the variables as 
listed in the table. 

The unstructured scratchpad did not contain any information, neither 
on variables nor on relations. The sheets only contained an area in which the 
learner could express a hypothesis. 

The experiment/prediction scratchpad was unstructured. It contained two areas, 
one for the description of the experiment and one for the prediction. The 
learners were instructed to describe the experiment by stating which variable(s) 
they were going to change, how they were going to change those variable(s) 
and which variable(s) they were going to observe. The prediction was 
described by stating the expected change of the observed variables. 

The three different versions of the scratchpad were compared by offering them 
to three groups of learners exploring the simulation 4SEE and observing 
different aspects of the learners' exploratory behaviour. As indicators for the 
activity level of the learners, the total number ofhypotheses stated, experiment 
forms filled in and experiments performed with the simulation were used. If 
the structure of the hypothesis scratchpad eases the task of stating hypotheses, 
the activity level will be higher for the structured scratchpad. 

A general evaluation of the function of the hypothesis scratchpad can 
be made by trying to answer the following two questions: "Does the structured 
hypothesis scratchpad indeed offer a framework which can easily be used by 
learners to state their hypotheses and which supports the generation of 
hypotheses?" and: "Does the structured scratchpad not limit the learners too 
much in their freedom of expression?" These questions can be answered by 
analyzing the following data obtained in the experiment: 

(1) The (relative) number of well-formed hypotheses (i.e., hypotheses with 
a correct syntax). 

(2) The agreement between hypotheses and experiments expressed in the 
relative number of experiments that are well-suited to test the hypoth
esis. 

The combination of these two results determines the success of the structured 
scratchpad. If (1) is higher for the structured scratchpad this can mean two 
things: either the scratchpad assists the learner in forming hypotheses, or the 
scratchpad limits the freedom of the learner too much, so that only hypotheses 
can be formulated which the learner doesn't understand. The agreement 
between experiments and hypotheses should discriminate between these alter-
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natives: if this agreement is higher for the structured scratchpad, this 
scratchpad helps, if the relation is worse, the structured scratchpad may limit 
the learners too much in their expression. 

The hypotheses entered on the scratchpad were matched with the 
conceptual model of the simulated domain described in Chapter 5. This model 
was defined in terms of (conceptual) variables and relations. As the variables 
and relations in the conceptual model span the hypothesis space, an analysis of 
the variables and relations used by the learners provides insight in the learner's 
size and extent of the learner search space, as defined in Chapter 4. The size 
and extent of the learner search space were measured by the number of 
different variables and relations that the learners used in stating hypotheses. It 
was expected that the learner search space would increase as a function of the 
amount of information and structure offered on the hypothesis scratchpad. 

The consistency of the learners' lines of reasoning was measured by 
matching the learners' hypotheses with hypotheses they had stated earlier and 
by relating hypotheses with experiments performed before the hypothesis was 
stated. 

2 Method 

2.1 SUBJECTS 

The experimental study was performed with 31 first-year chemistry students 
at Eindhoven University of Technology. The subjects had received an intro
ductory instruction in error analysis as part of their normal study program. 
Subjects were divided into three experimental groups of 10, 10 and II 
subjects. Subjects were chosen at random from three lab groups. Groups were 
assigned randomly to conditions. 

2.2 PROCEDURE 

After a short introduction about the experiment, the computer program and the 
use of the scratchpad, the subjects received a written instruction, containing a 
summary of the oral introduction, as well as hypothesis and experiment 
scratchpads, each consisting of a number of paper forms. Each of the three 
groups received a different type of hypothesis scratchpad, as described above. 
The written instruction was the same for all subjects except for a small part 
concerning the use of the hypothesis scratchpad, which was adapted to the 
specific type of hypothesis scratchpad that the learner received. In this 
instruction subjects were stimulated to use the simulation in an exploratory 
way, that is, they should carry out experiments with the simulation and try to 
discover relations between the various variables in the simulation. After having 
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Table 6-1 Overview of the experimental design for the current study. 

Experimental condition Relation Variable Experiment Post 
support support scratchpad test 

structured scratchpad (N = 1 0) • • • • 
part. structured scratchpad (N = 1 0) • • • 
unstructured scratchpad (N= 11) • • 

read the instruction, subjects worked with the simulation for two hours. After 
each simulation run, they were prompted to use an experiment form and, if 
they had an hypothesis, to use a hypothesis form. 

After this session the subjects received a test which consisted of one 
open question: "Describe on this sheet what you have learned from the com
puter simulation. Mention the central elements in the simulation: the most 
important variables and relations. For example, indicate which factors contri
bute to the total random error and how. It is also important to mention when 
a certain factor does not contribute when you would expect it to." Table 6-1 
gives an overview of the experimental design and the scratchpads used. 

2.3 DATA 

The data collected consisted of the forms filled in by the subjects, the log-files 
of the interaction with the computer simulation and the results of the post-test. 
The forms and log-files were analyzed, using an assessment scheme based on 
the one presented in Chapter 5. The full scheme is presented in Appendix B. 
The results of this analysis were collected in data sheets in a similar way as 
done in the pilot study (Chapter 5). 

Table 6-2. Activity level of the subjects, expressed in the average number of hypotheses stated, 
experiments performed and experiment forms filled in. 

scratchpad 

struc- part. unstruc-
results tured struct. tured 

number of hypotheses 3.6 5.5 6.1 (F(2,28)=2.1, n.s) 

number of exp. forms 5.3 8.9 9.7 (F(2,28)=7.7, p<0.005) 

number of experiments 6.6 10.6 11.6 (F(2,28) =8.8, p<0.005) 
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Furthermore, the results of the post test were analyzed. The number 
of relations that was treated in the essay was counted and each relation was 
matched against the conceptual model, by two domain experts (teachers from 
the chemistry department). 

3 Results 

3.1 ACTIVITY LEVEL 

Table 6-2 summarizes the data on the activity level of the subjects. In the last 
column of this table the results of an analysis of variance applied to each of 
these three are presented. These results show that for the number of experi
ment forms filled in and the number of experiments performed with the 
simulation, the subjects using a structured scratchpad showed a lower activity 
level. For the number of hypotheses stated a similar, but not significant trend 
is observed. 

3.2 GENERAL FUNCTIONING OF THE HYPOTHESIS FORMS 

Figure 6-2 displays the results of an analysis of the syntax of the hypotheses 
stated on the hypothesis scratchpad. Three aspects of this syntax were 
anaiyzed: the syntax of variables (was the choice of the variables stated 
clearly), the syntax of the relation (was the choice for a relation stated clearly). 
These aspects were scored on three levels "correct", "interpretable" and 

Variables Relations 
100% 

I 
0 

~ Interpretable [illiliJ1ncorrect 

Figure 6-2 The relative numbers of hypotheses for which the variables were described correctly. 
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"incorrect", where the middle category meant that choice for a variable or 
relation was not correctly stated but could be deduced from the context. 
Figure 6-2 shows that the subjects using the structured scratchpad produced 
relatively more hypotheses with a correct syntax than the other subjects (for 
variables ~4. N=173) = 53.9, p < 0.001, for relations: x2(4, N=l73) = 
17.6, p < 0.005). As such this is not unexpected since the structure of the 
scratchpad more or less forces them to use a correct syntax. From the fact that 
for the other groups, especially the unstructured one, the percentage of 
syntactically Correct hypotheses is substantially lower than for the structured 
group one may conclude that the support offered by the scratchpad is success
ful here. 

The agreement between hypotheses and experiments did not differ between 
groups: for all groups 67% of all experiments was appropriate for testing the 
last-stated hypotheses. A t-test revealed no significant differences between the 
experimental conditions. 

Another general evaluation can be made on the basis of the post test 
that was given to the subjects. In Figure 6-3 the results of this test are 
depicted. The figure shows that the total number of statements per subjects is 
slightly lower in the group using the structured scratchpad. These differences 
were not statistically significant (t-test). There are no differences in the ratios 
between the numbers of correct and incorrect statements. 

3.3 AsSESSMENT OF HYPOTHESES, RELATED TO THE CONCEPTUAL MODEL 

3.3.1 Variables selected 
A measure for the size of variable space that subjects effectively use while 
exploring a simulation is the number of different variables they use to construct 
their hypotheses. Figure 6-4 shows the use of the variables representing 
different kinds of measuring error as output variables in relations. The 
variables are represented using the variable tree given in Chapter 5, Figure 
5-l. The size of the squares represent the number of times a certain variable 
has been chosen by the subjects. Figure 6-4 shows that in the groups using the 
variable support (the structured scratchpad and partially structured scratchpad) 
more different variables were used. 
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Figure 6-3 Average number of correct and incorrect hypotheses stated in the post test per subject 
for the three experimental groups. 

3.3.2 Relations selected 
In Table 6-3 the precision level of the relations selected by the subjects has 
been depicted. For the categorization of the precision level the categories 
introduced by Plotzner and Spada (1992) have been used. One category ("very 
global") has been added to this classification. In this table the hypotheses for 
which no relation was stated were excluded. The table shows that subjects 
using the structured scratchpad stated their hypotheses on a less precise level 
than subjects which used the unstructured or partially structured ones (x2(4, 
N=l67) 17.7, p<O.Ol). This contradicted the expectations. In fact the 
statements: "there is a relation" and "there is no relation", were chosen much 
more often in the group using the structured scratchpad than in the group using 
unstructured or partially structured ones. 

3.4 SUBJECTS' LINES OF REASONING 

3.4.1 MaJching with previous hypotheses 

To investigate whether subjects followed a more or less consistent line of 
reasoning, hypotheses were matched against their predecessor. It was investi
gated whether subjects posed more than one hypothesis concerning the same 
set of variables or if they turned to other sets of variables. A hypothesis train 
is defined to be a set of consecutive hypotheses concerning one set of variables 
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structured scratchpad 
error 

partially structured scratchpad 
error 

unstructured scratchpad 

error 
37 

Figure (;..4 Number of choices of the variables representing different kinds of error. 
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Table 6-3. Number of relations selected, classified according to level of precision for the three 
conditions. Percentages are given columnwise 

scratchpad 

Precision level of hypothesis part. unstruc- total 
structured struct. tured 

Very global (e.g., A is related to B}) 16 (41%) 6 (11%) 9 (13%) 31 

Qualitative relational (e.g., if A 
increases B increases) 22156%) 46 (82%) 60 (83%) 128 

Mora precise relations (e.g., quanti-
tative relational relations: if A 
doubles B also doubles) 1 13%) 417%1 314%) 8 

total 39 56 72 167 

The differences between the structured group end both the partially structured and the 
unstructured group for the first two categories are both significant for p <0.01, using at-test. 
The differences between the partially structured and the unstructured group are not 
significant. 

or variables belonging to the same subtree in the variable hierarchy of the 
conceptual model. The length of a hypothesis train is the number of hypotheses 
it consists of. A subject which has long hypothesis trains can be regarded as 
a systematic learner. No significant differences between groups were found but 
for each group the average length of the hypothesis trains is very small: 1.2 
(s.d. = 0.5). The number of trains thatwere concluded with an incorrect 
hypothesis found was quite high: 33% of the last hypotheses in a train were 
incorrect. Because of the limited average length of hypothesis trains it was not 
possible to obtain a reasonable amount of data to investigate the development 
of hypotheses during the discovery process, i.e., the application of hypothesis 
space search operations. 

3.4.2 Relation with previous experiments 
An important question is whether the hypotheses that were stated had a basis 
in experiments performedpreviously in the session or that they were elicited 
prior to experiments. The number of hypotheses without an experiment 
performed with the variables involved is a discriminator between theorist and 
experimenter behaviour (Klahr & Dunbar 1988). A high number of such 
hypotheses indicates theorist behaviour, a low number experimenter behaviour. 
In Table 6-4 the number of hypotheses stated without a previous experiment 
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Table 6-4 Number of hypotheses, stated before or after experiments with the variables in the 
hypothesis. Percentages are given columnwise. 

scratchpad 

experiment before 
hypothesis? structured part. sttuct. unstructured total 

no 26 (67%) 21 (38%) 30 (45%) 77 

yes 13 (33%) 35 (62%) 36 (55%) 84 

total 39 56 66 . 161 

are listed for the three groups. For this analysis, the hypotheses for which the 
choice of variables was not clear were excluded. The table shows that the 
group using the structured scratchpad stated hypotheses relatively more often 
about variables with which they had not experimented before (r(2,N= 161)= 
8.1, p<O.OS). 

4 Conclusions 

Conclusions wilt be drawn regarding two aspects of the hypothesis scratchpad: 
the hypothesis scratchpad as a supportive instrument in an exploratory 
environment and the method used for assessing the learners' hypotheses. 

4.1 THE HYPOTHESIS SCRATCHPAD AS A SUPPORTIVE INSTRUMENT 

The basic assumption behind introducing a structure and offering information 
on the hypothesis scratchpad was that such a structure could familiarize 
learners with hypothesis space and reveal its structure, so that the generation 
of hypotheses would be made easier. The results of the experiment show that 
the scratchpad used partly worked this way but also that some aspects of the 
structured scratchpad did not have the expected result. 

The number of different variables used was greater for the groups who 
used structured or partially structured scratchpads. This suggests that the 
subjects in this group effectively used a larger learner hypothesis space than the 
subjects using an unstructured scratchpad. This enlargement of hypothesis 
space was primarily the result of a differentiation between different types of 
error in the variable selection table. The introduction of relations (especially 
conditional relations) on the structured scratchpad, however, did not have the 
desired effect. The number of different relations chosen did not differ between 
groups and the subjects using a structured scratchpad often selected very global 
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relations, in contrast to the subjects who used a scratchpad which did not have 
a relation selection list, who selected more precise relations. 

The idea that the structured scratchpad would make the process of 
hypothesis formation easier was contradicted by the fact that the subjects using 
the structured scratchpad conducted fewer experiments and formed fewer 
hypotheses than other subjects. This might be the result of the fact that the 
structured scratchpad contained more information than the unstructured ones 
and that the experiment was conducted during a relative short period of time. 
A similar effect was found by de Jong, de Hoog and de Vries (1993) who 
found a negative effect of the amount of support on the activity level of the 
subjects. This finding indicates that support offered provides an additional task 
for the learner. This aspect should be taken into account in the design of 
interactive learning environments. A more frequent use of supportive measures 
as presented in the current study and by de Jong, de Hoog and de Vries, may 
decrease this effect, as learners grow more familiar with the supportive 
measures. 

Therefore, it may be concluded that the structure offered on the hypo
thesis scratchpad contributed to structuring and enlarging of hypothesis space 
by the subjects, but that the support was ineffective at some crucial points. For 
improving the effects of the scratchpad and for further investigation of the 
learners' search processes in hypothesis space, a possibility is varying the 
moments when learners will be asked to state hypotheses, e.g., search 
hypothesis space before doing experiments instead of during experiment series. 
Also, limiting the number of relations and/or variables presented on the 
scratchpad may focus the learner's attention to certain hypothesis space 
regions, and so guide the search processes in this space. In the next chapter an 
investigation into the effects of such manipulations will be described. 

4.2 ANALYSIS OF THE LEARNER HYPOTHESES 

A second reason for providing a hypothesis scratchpad was to obtain informa
tion about the learner's exploratory behaviour. This information is useful in 
obtaining insight in the cognitive processes taking place while the learner is 
engaged in the discovery process, but also in an implementation of a supportive 
environment built around the computer simulation. In such an Intelligent 
Simulation Learning Environment (ISLE) a hypothesis can be converted in the 
language used for the description of the conceptual model, i.e., in terms of 
variables and relations present in that model. In the present study this was 
solved by offering the conceptual model elements and relations on the scratch
pad. Another solution could be to use a domain dependent graphical representa
tion of cognitive model relations. A requirement on this representation would 



100 DISCOVERY LEARNING IN COMPUTER-BASED SIMULATION ENVIRONMENTS 

be that it can be translated into the conceptual modelling language. This solu
tion has been chosen by Plotzner, Spada, Stumpf and Opwis ( 1990) in DiBi. 

This chapter is concluded with the remark that the study reported in the current 
chapter has shown that the concept of hypothesis scratchpad has proven to be 
effective at some, but not all points for increasing the learner search space. 
Moreover, it can serve a double ·function, besides being a supportive 
instrument for the learner it also provides information about the learner's 
progress in discovering the simulation. 



7 
TRAVERSING VARIABLE AND RELATION SPACE WITH THE 

HELP OF A HYPOTHESIS SCRATCHPAD 

The study presented in the previous chapter revealed that supporting the learner 
while exploring a computer simulation yielded some effects on exploratory 
behaviour. By offering variables on the scratchpad, the size of the variable 
space used increased. On the other hand, supporting relation space search 
failed: the learners using a relation selection aid, stated relations at a less 
precise level than learners who had to make up the relations themselves. Also 
it was found that the activity level of learners decreased with an increasing 
amount of information offered on the scratchpad. 

In the current chapter, a more detailed study is made of the learners' 
search through the two subspaces of hypothesis space: variable space and 
relation space. An attempt has been made to influence the search in both spaces 
independently of each other, by varying the variables on the scratchpads 
offered, and the moment of offering the possibility of entering relations on the 
scratchpad, in an attempt to influence the learners' exploratory strategy. 
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l Introduction 

In Chapter 4 discovery learning was described theoretically as a search process 
in two dual search spaces, hypothesis space and experiment space. Hypothesis 
space has been decomposed in a variable space and a relation space, each to 
be described along a number of dimensions, like generality for variable space 
and precision for relation space. Also a decomposition of hypothesis space was 
introduced in a Ieamer hypothesis space and a Ieamer search space. These 
subsets of hypothesis space contain the hypotheses the learner knows of and 
those which are actually considered for describing the simulation, respectively. 

In the current chapter the implications of this theory for supporting the 
exploratory processes are investigated, using a new version of the hypotheses 
scratchpad, introduced in Chapter 5 both as a supportive instrument and as a 
source of information. The scratchpads are used as a guiding instrument 
through variable space, in order to let learners discover the dimension of 
generality. Search through relation space is not guided. By varying the moment 
in the discovery process at which the learners could enter new hypotheses on 
the scratchpad, it was tried to force the learners to use the exploratory strategy 
of a "theorist" (Klahr & Dunbar, 1988) as well as to influence the size and 
extent of the relation dimension of the learner search space. The effects of this 
measure on the exploration process and its results were investigated. 

In the study described in this chapter subjects worked with a computer 
simulation of a chemical experiment trying to construct a "mental" conceptual 
model of the model behind the simulation. It was aimed to influence the learner 
search Space by providing subjects with specified (general or instantiated) 
variables and to have subjects articulate their search space by letting them 
indicate relations between these specified variables, either before or while they 
conducted a series of experiments with the simulation. Constructing hypotheses 
was done with the help of a hypothesis scratchpad. The dependent variables in 
the current study were the activity level of the subjects, the precision of the 
hypotheses stated by the subjects, the quality of the exploration process and the 
final result of the exploratory session. 

Influencing the search in relation space 
It was tried to influence the learner's search in relation space by presenting the 
elements of this dimension in the form of lists with types of relations. For 
entering relations a new version of the hypothesis scratchpad was introduced. 
At this (software) tool learners can, through direct manipulation, enter relations 
of different domain of applicability and precision between variables, also 
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present on the scratchpad. Half of the subjects were forced to articulate their 
learner search space before conducting experiments, the other half of the 
subjects could enter relations between the variables in the assignment at any 
moment. By forcing learners to articulate their search space before conducting 
experiments more planned and systematic experimentation behaviour was 
expected, resulting in a lower number of experiments conducted (Klahr & 
Dunbar, 1988). Also, these subjects were expected to state more precise 
relations than the subjects who constructed their search space while they where 
performing a· series of experiments. In Chapter 6 it was found that subjects 
who stated relations in the course of experimenting with the help of a (mocked
up) scratchpad, mainly chose very imprecise relations. 

Influencing the search in variable space 
For all subjects in this study, a structure for the searching variable space was 
provided, by introducing assignments that invited subjects to investigate the 
relation between two (or sometimes three) specified variables. The subsequent 
assignments were chosen in such a way that together all important variables 
from the domain were covered. For half of the subjects these assignment 
always contained general variables, the other half of the subjects started with 
variables that had obvious instantiations in experiment space, and ended with 
variables at the general level. By giving variables at an instantiated level and 
following this by offering the general variables, it was expected that learners 
would find the link between instantiated and general variables more easily. 
This should be reflected in a better design of experiments and better con
clusions to be drawn from them. During working on an assignment, the only 
variables present on the scratchpad were the variables occurring in the 
assignment, so a learner could only state hypotheses about these variables. 

The resulting "true" hypothesis space 
For each of the hypotheses stated subjects could indicate whether they thought 
a hypothesis was "true", "false", or they "don't know". The lists of hypotheses 
with these truth values attached to them represent the learner's domain 
knowledge. Therefore, these lists were considered to be the learning result. 

2 Method 

2.1 4SfE VERSION 2, AN INI"EGRATED SIMULATION ENVIRONMENT R>R EX:Pl..ORING 

ERROR ANALYSIS 

For this study a new version of the learning environment used in the previous 
chapters was developed. This version of 4SEE (version 2) used in the current 
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Figure 7-1 The main control screen of the simulation, in its initial state. The learner can change 
values and start the simulation run from here. 

Figure 7-2 The hypothesis scratchpad. On the left are the variable and condition windows, on 
the right the relation window, the hypothesis window is on the bottom. 



TRAVERSING VARIABLE AND RElATION SPACE 105 

study is a rewritten version of 4SEE version 1. The simulation model itself has 
not changed, but the learner interface and the hypothesis scratchpad have 
undergone radical changes. The main change is that the hypothesis scratchpad 
has been integrated in the learning environment. 

The simulation 
The runnable model of 4SEE version 2 is identical to that of version 1. 
However, the interface, and with the interface the experimental frame (see 
Chapter 2) to this simulation has changed. Figure 7-1 shows this new interface, 
a matrix containing the results of experiments performed with the simulation, 
each row of the matrix displaying the values of input and output parameters of 
one experiment. The learner can scroll horizontally backwards and forwards 
through the matrix, displaying the history of experiments. From this same 
screen the learner may select an experimental parameter in a cell of the matrix 
and subsequently set its value for a new experiment. The control panel further 
contains two screen buttons, one to start a new simulation run and one to 
switch to the hypothesis scratchpad. The parameters that the learner can control 
are the same as in version 1, except the choice for an indicator, which is now 
fixed. Also, the number of different values for variables the learner can choose 
has changed: in version 1 the learner could enter any value for a numerical 
parameter, in version 2, a finite set of values to choose from is offered. 

When the simulation is started the learner is asked to perform some 
simulated titrations. During these titrations, an overview of the measurements 
performed is presented on the screen. Learners can discard measurements 
which they think are invalid (outliers). At the end of the simulation the final 
result of the experiment is transported to the experiment overview in a new 
column. Then, the learner can choose to perform another experiment or switch 
to the hypothesis scratchpad. 

The hypothesis scratchpad 
The hypothesis scratchpad used in the current study is an electronic and 
adapted version of the paper mock-up of the "structured scratchpad" as used 
in the previous study. The scratchpad consists of three lists, containing 
ingredients for a hypothesis: one list contains variables, one contains relations 
and one contains conditions. In a separate window the complete hypothesis is 
displayed (see Figure 7-2). A learner may enter a hypothesis by selecting a 
relation and then filling in its empty slots by selecting variables from the 
variable list or typing in values. Optionally, the learner can limit the domain 
of validity of the hypothesis by adding a condition, which itself contains slots 
to be filled in with values or variables. The result of the operations sketched 
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investigating Hypothesis list true? 

If o(balanoe) Increases, o(base concentration) 
also Increases 

true 

Investigating If o(balanoe) keeps increasing, o(base 
concentration) approaches a constant value. 

don't know 

I 
If o~alanoe) doubles, o(base concentration) also false 
dou les. 

I 

• 

Figure 7-3 The hypothesis lisr. On the left the learner can mark if the hypothesis is umkr 
invesiigaiion, on lhe right lhe learner can state the truth value of the hypothesis. 

to be filled in with values or variables. The result of the operations sketched 
here is a complete sentence stating that a relation holds between variables. 

Once completed, a learner can save the hypothesis and create another 
one, or proceed with the simulation. Each hypothesis saved is added to a list, 
inspectable by the learner. Once a hypothesis has been added to the list, it can 
not be deleted or changed. Learners can mark their progress on the list in two 
ways: a hypothesis on the list can be marked to be "under investigation" and, 
moreover, it can be marked as "true", "false" or "don't know". An example 
of such a hypothesis list is given in Figure 7-3. The hypothesis list can always 
be inspected, and the marks on the list can be changed at any moment. 

2.2 EXPERIMENTAL SET-UP 

The experiment followed a 2x2 factorial design with assignment type and 
enforced experimental strategy as independent variables. 

In the "assignment type" manipulation one group of subjects received 
assignments containing variables at the instantiation level, followed by an 
assignment with more general variables. Another group received only the 
general level variables. The subjects in the "instance" group received fifteen 
assignments, the "general" group received four assignments. 
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For manipulating the "strategy" variable two different versions of the 
program were used. One group of subjects, which will be labelled the 
"experimenter" group10, received the simulation with the possibility to switch 
to the hypothesis scratchpad at any moment to create new hypotheses. Another 
group, called the "theorist" group was forced to start a new assignment with 
constructing a hypothesis list containing all hypotheses that the subject thought 
to be likely candidates for correct hypotheses. After subjects had completed 
this hypothesis list they could start an experiment and switch backward and 
forward between the hypothesis list and the simulation. There was a possibility 
of adding new hypotheses to the list, but the subjects in the theorist condition 
were instructed to use this possibility only as an emergency escape, in case all 
hypotheses on the scratchpads proved to be false. 

2.3 SUBJECTS 

Subjects were 37 first year students of chemistry at Eindhoven University of 
Technology. They had had an introductory, formal course in measuring 
analysis as part of their normal study program. They were randomly selected 
by their teachers to participate in the study, which took place at a point in time 
where the simulation would normally be used as part of a chemistry course. 
Groups were assigned randomly to conditions. For their participation, the 
subjects were excused from a lab assignment they normally would do during 
the time they participated in the study. For an overview of the experimental 
design and the number of subjects in each condition see Table 7-1. 

2.4 PROCEDURE 

The subjects received a written instruction on the use and purpose of the 
computer simulation. In this instruction it was emphasized that the goal of the 
simulation was to discover relations between variables and to enter these, and 
any alternatives considered, on the hypothesis list. After the subjects had time 
to read the instruction a demonstration of the use of the simulation was given. 
Furthermore, the subjects received a set of assignments, each of the form: 
"investigate the relation between:" followed by the names of two or (in some 
cases) three variables. The variables in the assignment were the only ones 
present on the scratchpad. The scratchpad contained a button to switch to the 

''The terms "experimenter" and "theorist" are the same as used by Klahr and Dunbar (1988). 
Here they are used a little differently: Klahr and Dunbar use the terms for behaviour that occurs 
spontaneously, here they are used to indicate behaviour imposed by the learning environment, at 
least for the "theorist" group. Subjects in the "experimenter" group are of course free to behave 
like theorists. 
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Table 7-1 Number of subjects in the different experimental conditions. 

strategy 

experimenter 

theorist 

instance 

N = 10 

N=9 

assignment type 

general 

N=9 

N=9 

next assignment, in which case a new set of variables (belonging to the next 
assignment) was loaded into the scratchpad. Subjects themselves determined 
when an assignment was completed. The final, annotated, hypothesis list on the 
scratchpad was considered to be the result of an assignment. 

The duration of a session was three hours. In this time subjects worked with 
the simulation: they performed experiments with it and stated hypotheses. The 
subjects were informed that there was no need to complete all assignments, 
they completed as many assignments as time allowed. 

2.5 DATA COLLECTION 

The data collected consisted of the log files recorded during the experimental 
session. Every action by the learner was recorded, yielding a complete 
overview of the experiments performed and hypotheses stated. Each hypothesis 
was assessed on correctness, precision and domain of applicability. Part of this 
assessment was done automatically, using a computer program QMaPS, a 
general reasoning system, using the target conceptual model of the error 
analysis as presented in Chapter 5. QMaPS will be discussed in more detail in 
Chapter 9. 

All subjects were given a post test, consisting of 6 multiple choice 
items in which subjects had to apply knowledge from measurement analysis, 
which they could have acquired from working with the simulation. Also, the 
test contained two questions in which subjects were asked to mention as many 
relations as they could think of, prompted by the question: "mention as many 
relations between the variables .. and .. you think a beginner on this subject 
might consider as hypothesis when exploring this simulation". The slots in this 
question were filled in with (general) variables given in the assignments for the 
exploration of the simulation. 
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Table 7-2 Activity level of subjects, expressed in the number of hypotheses stated and the number 
of experiments performed. 

average number of hypotheses per subject 

assignment type 

strategy instance general 

experi· 8.4 8.3 
menter 

theorist 19.6 13.2 

total 14.3 10.8 

treatment effects of strategy manipulation: 

instance group: 
. F(1,17) =7.27, p <0.05 

general group: 
F(1,16) = 3.62, n.s. 

3 Results 

average number of experiments per 
subject 

assignment type 

instance general total 

E 16.3 14.1 

T 15.0 9.3 

15.6 11.7 

main effects: 

strategy: 
F11,35) = 1.92, n.s. 

assignment type: 
F(1,35)=3.37, n.s 

15.2 

12.3 

13.8 

The data collected were analyzed on the following aspects: level of activity of 
the subjects, the precision of the hypotheses stated (which is a property of the 
relations chosen), the quality of the exploratory activities of the subjects and 
the results of the exploration, expressed by the final list of hypotheses on the 
scratchpad at the end of each assignment. An analysis of the level of generality 
of hypotheses stated by the subjects (a quality of the variables in the hypoth
esis), was not possible due to the fact that this level was enforced by the 
assignment type manipulation. A qualitative analysis showed that, in general, 
subjects in the experimenter group indeed behaved as experimenters (see Note 
10). Finally also the result of the post test was analyzed. 

3.1 ACTIVITY LEVEL 

The activity level of the subjects was measured using three indicators: the 
number of hypotheses stated, the number of experiments performed with the 
simulation and the number of assignments completed by the subjects. In 
Table 7~2 these variables are depicted for the various groups. For the total 
number of hypotheses stated, a comparison between the instance group and the 
general group is not possible, because of the larger number of assignments 
given to the instance group. Therefore, the analysis was performed separately 
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Table 7-3 Number of hypotheses entered per assignment 

assignment type 

strategy instance general total 

experimenter 1.76 3.16 2.16 

theorist 2.61 3.85 2.94 

total 2.28 3.58 2.64 

main effects: 
strategy: 

F(1,163) 13.54, p < 0.01 
assignment type: 

F(1,163) = 30.04,p < 0.01 

for both groups. 
No significant differences between groups in the number of experi

ments performed. Two non-significant trends are found: subjects in the theorist 
group perform (p = 0.16) fewer experiments than subjects in the experimenter 
group and "general" subjects perform less experiments than "instance" subjects 
(p = 0.08). Subjects in the theorist group produced a higher number of 
hypotheses than the experimenter group in the instance condition. For the 
general condition a similar, not significant (p = 0.075), trend was found. 

The number of hypotheses per assignment is also greater for theorists 
than for experimenters, as depicted in Table 7-3. There was also a main effect 
of the assignment type: the general group stated more hypotheses per assign
ment than the instance group. 

Another indicator for the activity level is the number of assignments 
completed. For this number only a comparison is possible within the strategy 
manipulation, for the instance condition, as a consequence of the smaller 
number of assignments given to the general group. No significant differences 
were found, on average subjects completed about 5.5 assignments in both the 
theorist and experimenter condition. 

3.2 CHOOSING RELATIONS: PRECISION OF HYPOTHESES STATED 

The precision of the hypotheses entered on the scratchpad was measured on a 
discrete scale from zero to two. Level 0 was a very imprecise level ("there is 
a relation"), level 1 corresponds roughly to the qualitative relational level, 
level 2 to the quantitative relational level, as defined by Plotzner and Spada 
(1992). 
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Table 7-4 Maximum precision per assignment, both for all hypotheses stated and for the 
hypotheses marked as true. 

A maximum precision of hypoth
eses stated for each assign
ment, averaged per subject over 
assignments. 

assignment type 

strategy instance general 

exper-
imenter 0.96 1.06 

theorist 0.99 1.70 

total 0.97 1.32 

main effects: 

strategy: 
f(1,35)=5.03, p<0.05 

assignment type: 
1(1,35) =7 .66, p<0.01 

interaction: 
1(1,35)=4.30, p<0.05 

total 

1.01 

1.37 

1.17 

B 

E 

T 

maximum precision of 
hypotheses marked as 
"true" for each assign
ment, averaged per sub
ject over assignments. 

assignment type 

instance 

0.80 

0.52 

0.65 

general 

0.89 

1.11 

1.00 

total 

0.84 

0.80 

0.82 

main effects: 

strategy: 
f{1,35) =0.047, n.s. 

assignment type: 
1(1,35)=5.40, p<0.05. 

no significant interaction effect. 

In assessing the prec1s1on on which hypotheses are stated, the 
maximum precision per assignment was analyzed, rather than the average 
precision. Two variables were observed: the maximum precision of all 
hypotheses stated by the subject and the maximum precision of the hypotheses 
marked as true, being those hypotheses which were eventually used by the 
learner for modelling the relation between the variables defining the assign
ment, independent of the actual truth value of the hypothesis in the conceptual 
model. The results of this analysis are summarized in Table 7-4. A significant 
effect of the assignment type on both types of maximum precision is found: the 
"general" subjects use more precise hypotheses than the instance subjects. 
Table 7-4A also shows a small significant effect of the strategy manipulation: 
theorists state more precise hypotheses than experimenters. However, · in 
Table 7-4B this effect has disappeared. This means that the theorists reject 
more of the (higher number ot) hypotheses that they stated at the more precise 
levels, when compared to experimenters. 
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3.3 QUALITY OF EXPLORATION 

The indicators for the quality of exploration were the relevancy of an 
experiment for the assignment and the subject's indication on the hypothesis 
list whether hypotheses were being tested. 

For assessing the quality of experiments the series of events in the log files was 
divided into separate experiments. A series of events in a log file was marked 
to be an experiment if it was concluded with the determination of an output 
variable, present in the current assignment. For example, if the output variable 
in the assignment was the error in the titration solution, performing a series of 
titrations to determine the value of this error would mark the end of an 
experiment. It was marked to be of "direct relevance" if in the event chain 
constituting the experiment the input variable from the current assignment had 
been changed. Note that "direct relevance" has no meaning with respect to the 
quality of the manipulation of the variables in the experiment. 

There was a rather low score on the direct relevance of experiments, on 
average 22% of the experiments were of direct relevance. There is no effect 
of either condition on this score. The low score may partly be caused by the 
fact that the boundaries between experiments were determined quite strictly: 
a minor deviation from 'ideal' behaviour yields an irrelevant experiment. 

Another indication of the quality of exploration is the subjects' own indication 
of testing hypotheses. For every subject, the fraction of experiments that was 
designed to test one or more hypotheses was scored, according to the markings 
on the hypothesis list. In Table 7-5 the results of an analysis of variance for 
this score is presented. A positive effect of the strategy manipulation is found: 
on average, subjects in the theorist condition devote a larger percentage of 
their experiments to testing at least one hypothesis than experimenter subjects. 
No significant effect was found from the assignment type. 

3.4 RESULTS OF EXPLORATION 

The results of the exploration process can be expressed in the number of 
hypotheses that are both true with respect to the conceptual model of error 
analysis and have been marked as true by the subjects, i.e., the number of 
correctly accepted hypotheses. Of course, also other hypotheses, viz., the 
hypotheses that were rejected, correctly or incorrectly, and the hypotheses that 
are not true and have been accepted, determine the success of the exploratory 
session with the computer simulation. In Tables 7-6 and 7-7 the numbers of 
hypotheses are presented for each combination of truth value assigned by the 



TRAVERSING VARIABLE AND RELATION SPACE 113 

Table 7-5 Average fraction of experiments performed per subject, designed to test one or more 
hypotheses. 

strategy 

experimenter 

theorist 

total 

main effects: 
strategy 

assignment type 

instance general total 

0.22 0.43 0.32 

0.47 0.66 0.56 

0.35 0.54 0.44 

F(1,351 "' 4.45, p < 0.05 
assignment type: 

F(1,35) "' 3.02, n.s 

subject and truth value according to the target conceptual model. In Table 7-6 
this has been done for the strategy manipulation; in Table 7-7 for the assign
ment type manipulation. In these tables the "positive" actions, i.e., correctly 
rejected or accepted hypotheses, have been shaded. First, from Table 7-6, it 
is clear that the theorists have stated and accepted more true hypotheses 
compared to the experimenters, both in absolute and in relative sense. An 
analysis of variance of the total number of hypotheses correctly accepted per 
subject revealed that, on average, subjects in the theorist group stated and 
accepted 4.5 correct hypotheses, whereas subjects in the experimenter group 
stated and accepted 1.7 correct hypotheses (F(1,35)=6.3,p < 0.05). No such 
effect was observed for the assignment type manipulation. Furthermore, from 
Table 7-6 it can be concluded that theorists have performed better in evaluating 
hypotheses, i.e., they have higher relative scores on correct evaluations and 
lower scores on incorrect evaluations. A similar effect could not be found for 
the assignment type manipulation. From Table 7-6 it can also be found that 
theorists rejected more hypotheses than experimenters. 

3.5 POST TEST 

The results of the post test are presented in Table 7-8. The results of the 6 
multiple choice questions and of the open questions are presented separately. 
For the open questions the number of relations mentioned is listed. An analysis 
of variance revealed no significant differences for any of these variables or 
conditions. 

Of course just listing the number of relations mentioned does not 
reveal the complete results of the open questions, also the nature of the 
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Table 7..(; Number of hypotheses for the different combinations of truth value: assigned by the 
subjects and according to the target conceptual model, for the strategy manipulation. 

subject's false false true don't don't 
indication know know 

target model true false false true false 

experi- 2 29 .. :'33 58 14 
menters (1.4%) (21.0%) (23.9%) (42.0%) (1.4%) (10.0%) 

theorists 23 90 89 61 17 17 
(7.7%) (30.3%) (30.0%) (20.5%) {5.7%) (5.7%) 

x215, N=438) = 33.1, p < 0.005 

Table 7-7 Number of hypotheses for the different combinations of truth value: assigned by the 
subjects and according to the target model, for the assignment type manipulation. 

subject's indica- false false true true don't don't 
tion know know 

target model true false true. false true false 

instance 16 63 75 85 13 22 
(5.8%) (23.0%1 (27A%) (31.0%) (4.7%) (8.0%) 

general 9 56 34 6 9 
{5.6%) (34.8%) (21.1 %) (3.7%1 (5.6%) 

K(5, N = 438) 10.0, n.s. 

relations mentioned should be taken into account. 
It appeared that the precision level relations the subjects mentioned for 

these two questions was almost invariably 1, i.e., at the qualitative relational 
level. Only three hypotheses mentioned by the subjects were more precise 
relations. Furthermore, some subjects misinterpreted the questions and 
mentioned instances of the variables given in the assignment instead of 
relations. One subject, in the experimenter/general condition, gave not only a 
set of relations to investigate but a complete experimental plan to determine the 
correct relation. 
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Table 7-8 The results of the post test given to the subjects. Separate results are presented for the 
multiple choice and open questions. 

Average score on the 6 multiple choice Average number of relations men· 
questions in the post test tioned in the two open questions 

assignment type assignment type 

strat· instanc 
egy e general total instance general total 

exper· 
imenter 2.7 2.8 2.7 E 1.2 2.4 1.8 

theorist 3.3 2.4 2.9 T 1.0 1.3 1.2 

total 3.0 2.6 2.8 1 .1 1.9 1.5 

4 Conclusions 

The first research hypothesis stated that a search of hypothesis space before the 
start of an experiment would result in a larger learner search space, which 
would result in both more precise results of the exploration and in more 
efficient experimentation behaviour. The first part of this research hypothesis 
could be confirmed: the average number of hypotheses stated per assignment 
was greater for theorists than for experimenters, meaning that the subjects in 
the theorist group used a larger search space. Also, the maximum precision of 
the hypotheses stated in the learner search space was significantly better for 
theorists than for experimenters. However, when only the hypotheses that were 
marked by the subjects as being "true" are considered, this effect disappeared. 
This shows that the assumption that a greater learner search space auto
matically leads to a better, more precise, conceptual model of the domain, 
constructed by the learner is not correct, the learners will also need support on 
searching their learner search spaces and on selecting hypotheses from them. 
The theorists did, however, find more correct hypotheses and accepted more 
of them as true, than experimenters. 

Concerning the second inference from the research hypotheses, 
regarding the number of experiments performed by the theorists, a non
significant trend was found in the expected direction. Also, the percentage of 
experiments performed to put one or more hypotheses to the test, according to 
the subjects' indication was greater for theorists than for experimenters. 
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The subjects in the theorist condition proved better evaluators of the truth value 
of a hypothesis. ln significantly more cases they correctly rejected a false 
hypotheses or accepted a true one, than subjects in the experimenter group. 
The theorists also reject more hypotheses in general, which is extra support for 
the assumption that the theorists explore a wider range of hypotheses. 

Overall, concerning the strategy condition, the conclusion that the stimulus for 
generating hypotheses before experimentation has a positive effect on the 
exploratory behaviour seems to be justified. On the average, the theorists build 
a larger learner search space, which also contains more precise hypotheses and 
the final result of exploration is also better in terms of the number of correctly 
accepted hypotheses. A problematic point is retaining the level of precision of 
hypotheses, from the initial search in hypothesis space to the final set that the 
subjects mark as being true. 

The better behaviour and the resulting larger set of true hypotheses found by 
theorists, however, was not reflected in better results on the post test, which 
showed no differences between the different experimental groups. Probably, 
this is a consequence of the fact that the experiment took place in a short 
period of time: it may be a little optimistic to expect significant differences in 
learning results in three hours. An explanation can be sought in the precision 
level of the conceptual models constructed by the subjects, which did not differ 
for theorists and experimenters. For 'scoring better on the post test, the subjects 
needed more precise relations than they were able to find in the time given. 

An improvement, however, on the process of discovery, will inevitably 
have its effects on the longer term. This is supported by research indicating 
that generic discovery behaviour and scientific reasoning skills are of primary 
importance for discovery learning (Lawson et al., 1991). 

As an absolute figure, the average maximum precision of the hypotheses the 
subjects use to model the domain is rather low. This also occurred in the post 
test where subjects mainly mentioned relatively imprecise hypotheses that 
should be considered for investigation. 

The low precision level observed can be explained by assuming a, 
what we like to call, "fear of rejection": learners choose those hypotheses of 
which they expect that they will not be rejected. This would be a counterpart 
of the "confirmation bias" observed in some other studies (Mynatt, Doherty, 
& Tweney, 1977; Wason, 1960; Gorman & Gorman, 1984; Gorman, Stafford, 
& Gorman, 1987), where learners only chose experiments which will not 
disconfirm their hypothesis. In the case of fear of rejection, learners choose 
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hypotheses of which they know that there will not be many experiments to 
disconfirm them. The confirmation bias thus has its impact on experiment 
space search, the fear of rejection on hypothesis space search. This bias should 
be the subject of further research into the motivation of learners to choose 
certain hypotheses. 

The second research hypothesis stated that traversing variable space bottom-up 
from the instances to the general variables would result in a better articulated 
relation between hypothesis and experiment space. This should be expressed 
in a better design of experiments and in drawing better conclusions from these 
experiments. Such effects could not be found in this study. 

Surprisingly, an effect was found on the precision of hypotheses stated 
as a function of the assignment type: subjects in the general condition, stated 
hypotheses of a higher precision than subjects in the instance group. This 
occurred both for all hypotheses stated and for the hypotheses actually used for 
modelling the simulation, the hypotheses marked as "true". Apparently the 
subjects in the general group were more optimistic about the validity of their, 
precise, hypotheses. This would seem to be in contradiction with the "fear of 
rejection" hypothesis, expressed above, since precise hypotheses about general 
variables have a high chance of being rejected. An explanation for this 
apparent contradiction is the assumption that the relation between hypothesis 
space and experiment space is less clear for subjects who only use the general 
variables. In this case it would not be clear if a hypothesis is likely to being 
rejected, since the consequences of experiments are not clear when the relation 
between the two search spaces is not. Of course, this remains subject for 
further research, especially because the current study was not able to reveal a 
difference in the relation between hypothesis and experiment space for the 
instance and the general condition. 

In ooly one case interactions were found between the strategy and the 
assignment type. Also, the two manipulations had effects on different aspects 
of the search processes investigated. This means that the influences of both 
manipulations, introduced in the current experiment are relatively independent 
of each other. This supports the theoretical assumption behind the decomposi
tion of hypothesis space in independent variable and relation spaces. The 
conclusion seems to be justified that the prior selection of relations primarily 
influences the, domain independent, discovery skills, like stating and testing 
hypotheses, whereas the instance to general measure has its impact on the more 
domain specific aspects of the simulation. It must be remarked that the latter 
influence is less clear than the first. 
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In the previous study (Chapter 6) it was emphasized that the hypothesis 
scratchpad had a double role: providing support for the learner and providing 
the learning envirorunent with information about the current knowledge state 
of the learner. In the current study automatic analysis of hypotheses by the 
system QMaPS was introduced (see Chapter 9 for a detailed description). It 
turned out that this system can be used to assess the precision and generality 
of hypotheses. Further work is needed to develop rules for assessing the 
quality of experiments, like whether an experiment is readily suited for testing 
a hypothesis. 

An important result of the current study is that the exploratory 
behaviour of the subjects may be influenced by the design of the learning 
envirorunent: the "theorist" group behaved more like theorists in the sense 
meant by Klahr and Dunbar (1988). This means that the style of exploratory 
behaviour, experimenter or theorist, is not a static attribute of the learner, but 
may be influenced by constraints imposed by the learning envirorunent. This 
leads to the conclusion that there are challenging opportunities to influence or, 
better, improve the subjects search processes in hypothesis space. Special 
attention should be given to the relation between hypothesis and experiment 
space. Moreover, in order to be able to stimulate subjects in discovering the 
simulation properties more in depth, i.e., by finding more precise relations, a 
study of the motives of subjects for making hypothesis space moves is needed. 



8 
SEARCH OPERATIONS IN DUAL SEARCH SPACE 

In the studies presented in Chapters 6 and 7 an attempt was made to support 
the learners' search process through hypothesis space and, to a lesser extent, 
through experiment space by providing them with a hypothesis scratchpad. In 
these studies it was found that, as far as the process of discovery is concerned, 
encouraging results were reached, but the final result of the attempts to support 
the discovery process, expressed in the final hypothesis set constructed by the 
learners and in scores on a post test, is somewhat disappointing. In the current 
chapter an attempt is made to find the reasons for this result by a more detailed 
study of the application of search operations in dual search space used by 
learners while exploring a simulation. 
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1 Introduction 

The results from the studies presented in the two previous chapters were 
positive in the sense that it appeared to be possible to influence the search 
processes through hypothesis space in such a way that learners may learn more 
efficiently from the simulation. However, the final results of exploratory 
sessions in the previous two studies were still somewhat disappointing. The 
main problems that were encountered were: 

• The final hypothesis set, constructed and judged to be true by 
the subjects, often only contained hypotheses at a moderate 
level of precision. Relations at this level of precision often 
have too little predictive power. This explains the lack of 
difference in the post test scores, observed in the previous 
experiment. 

• The final hypothesis set almost never contained conditional 
relations. The relations found by the subjects were almost 
never restricted to a subset of experiment space, despite the 
fact that the relations chosen often were not universally valid. 

Within the context of the theoretical framework developed in Chapter 4, the 
causes of these problems should be sought in the application of hypothesis 
space search operations, since learners must use these operations to wander 
through and extend their learner search space. The inability to use one or more 
search operations in hypothesis (and/or experiment) space results in the 
inaccessibility of parts of the universal hypothesis space. This means that the 
results from the previous studies indicate that subjects did not have some 
essential operations available for searching hypothesis space. The search 
operations that are likely candidates for not being available to the subjects in 
the previous study are: 

• Specification, not using this operation disables a discoverer to 
find more precise hypotheses. 

• Restriction, adding a condition to a relation is necessary to 
find conditional relationships. 

There is another search operation in hypothesis space which can be expected 
to be difficult: 
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• Generalization, applying relations found to more generic 
variable types, yielding hypotheses that are applicable to more 
different instances of these variable types. Not using this 
operation may leave the learner with a set of ad-hoc 
hypotheses without structure11

• 

121 

There can be different reasons for not applying a search operation in 
hypothesis space or experiment space. First, the learner may not know the 
operation, i.e., it is not in the repertoire of possible operations. Second, the 
learner may know but not use the operation, because some conditions necessary 
for the application of the search operation are not fulfilled. For example, for 
applying the search operation "specification" one needs to see the necessity for 
specification in a certain situation, apart from the knowledge how to specify. 
A possible cause for seeing the need of specification is the need for more 
precise predictions than those that can be made on the basis of the current 
hypothesis, for example because such predictions are needed to complete an 
assignment. 

Third, the learner may not apply a search operation because the target 
hypothesis of the search operation is not within the learner search space or 
even not within the learner hypothesis space (see Chapter 4). If the target 
hypothesis is within the learner hypothesis space but outside the learner search 
space, the search operation will not be chosen by a learner but can be 
recognized when made (by someone else). If the target hypothesis is outside 
the learner hypothesis space, the search operation may not even be recognized 
because the target hypothesis will not be recognised. 

The distinction between the different reasons for not applying certain search 
operations is important, because it influences ways for offering support for the 
learner who is not applying an appropriate search operation. In the first case 
mentioned above, support should be primarily directed at acquiring the search 
operation, in the second case support should be directed at stimulating the use 
of the search operation in certain cases, thus modifying the conditions the 
learner uses for applying the search operations. In the third case support should 

11In the previous studies no data were collected on generalization operations or on the 
generality of hypotheses stated. In both studies the level of generality was constrained by the 
hypothesis scratchpads used (in the first study this was not the case for the "unstructured" group, 
who did not differentiate between different kinds of general variable types). Therefore, no data 
on the occurrence of generalizations could be collected. 
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be directed at enlarging the learner search space and possibly the learner 
hypothesis space. 

Besides problems with the final hypothesis set, the previous studies also 
revealed problems with the relation between hypothesis and experiment space. 
It was found that learners often performed experiments that were not of direct 
relevance to hypotheses that were being tested, i.e., they did not find the 
appropriate nodes in experiment space. 

Finally, it was inferred that learners were often not aware of the 
relation between experiment and hypothesis space, especially for hypotheses 
about generic variables. The confirmation bias and the poor relation between 
the two search spaces explains the inadequate design of experiments. 

In the previous chapters some assumptions were made to explain the results 
found in the studies described therein. To account for the lack of precise 
relations and conditional relations in the final hypothesis set, a fear of rejection 
was assumed, i.e., hypothesis space search is partially guided by a fear of 
doing things wrong, hypotheses are not stated before some level of confidence 
is reached that the hypothesis is true. Since precise hypotheses have a high 
chance of being rejected by experiments, learners would avoid choosing them. 

For the design of experiments learners are assumed to be guided by a 
confirmation bias (e.g., Mynatt, Doherty, & Tweney, 1977), i.e.,learners will 
choose those experiments likely to confirm their hypotheses. The fear of 
rejection and the confirmation bias can be considered to be two aspects of a 
single phenomenon. The fear of rejection applies to hypothesis space search, 
whereas the confirmation bias is its counterpart for experiment space search. 

The study presented in the current chapter aims at a further investigation of the 
validity of these conjectures. An experimental design was adopted, allowing 
for observation of the subjects' exploratory processes in more detail. 

2 Research questions and general set-up 

The current study was designed to obtain more ~etailed insight in the search 
processes of learners through hypothesis space and the selection of nodes in 
experiment space. The central question is: do subjects have the search 
operations of specification, restriction and generalization available and, if so, 
Ullder which conditions are they applied? Furthermore, the relation between 
experiment space and hypothesis space is investigated, by studying the motives 
for selecting experiments, as well as for the conclusions drawn from 
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experiments for hypotheses. According to the theory of Chapter 4, this relation 
is dependent of the generality of the hypothesis under investigation. 

In order to obtain the information needed to answer these questions, 
the choice moments in the discovery process were studied. On these choice 
moments the learner decides whether to perform an experiment or to state an 
hypothesis, and, furthermore, on the nature of the experiment or hypothesis to 
be performed or stated. In other words, on the choice moments a learner 
decides on the execution of a hypothesis or experiment space search operation. 
At these choice moments, the interesting features are: the choice the learner 
makes, and the motivation for making the choice. 

To obtain this information the following set-up was devised: subjects 
were confronted with the exploratory actions of a simulated learner. This 
learner arrives at several choice moments, at which one or more of the search 
operations investigated are appropriate. The subjects were asked for comments 
on these choice moments: just before the choice was made they were asked 
what they would do in the situation they were watching, just after the choice 
moment they were asked to comment on the search operation chosen by the 
simulated learner. Especially they were asked if they could imagine performing 
such a search operation themselves. 

The rationale behind this experimental design is to obtain information 
about the subjects' attitude to search operations they would not choose 
themselves in a free exploratory situation. If subjects were put in a discovery 
environment themselves they would probably not reach situations in which they 
would apply these search operations. Therefore, it was considered to be 
necessary to confront subjects with situations in which the search operations 
to be investigated are chosen. 

Based on the conjectures in the previous section, subjects' responses to the 
several types of search operations performed by the simulated learner can be 
predicted. An unknown search operation or a search operation for which the 
subject sees no purpose to perform, will not be chosen. A search operation the 
subject does not know of, will not be recognized afterwards, whereas a known 
search operation will always be recognised. A search operation for which the 
subject sees a negative motive will be disapproved of. For example, a learner 
with fear of rejection will disapprove of a specification, if the observed chance 
of rejection becomes too great. If the subject sees no negative motive the 
search operation will probably not be disapproved of. The motivations given 
by the subjects for (dis)approving certain search operations will provide extra 
information on the actual reason behind the subjects' choices. 
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Regarding the relation between hypothesis and experiment space, it 
was expected that this relation becomes more problematic when the generality 
of the hypothesis that is being tested increases. This means that for general 
hypotheses, when compared to hypotheses about variable instances, learners 
will have more trouble with identifying the variables with which they will 
experiment and a higher percentage of conclusions drawn from experiments 
will be incorrect. 

3 Method 

3.1 THE EXPLORATORY ENVIRONMENT 

The experiment was conducted with 4SEE, version 2, which was also used in 
the previous experiment (see Chapter 7). For the current experiment a 
modification was implemented which allowed for recording a session and 
replaying this at a pace determined by keyboard operations. At predefined 
moments, a text screen could be displayed in order to prompt the subject to 
comment on the actions observed. 

For recording a session a simulated learner2 was created, who received two 
assignments while exploring the simulation. Both of these assignments were 
investigation assignments, of the type given to the subjects of the previous 
study (see Chapter 7): investigate the relation between .. and .. , where the 
slots had been filled in with names of variables. The first of these assignments 
was about instance variables, at a low level of generality: the amount of 
primary standard and the measuring error of the determination of the 
concentration of the titration solution, the second one involved general 
variables: the partial error in a calculation and the total error (see Chapter 5 
and Appendix A for an introduction to the domain theory of error analysis). 
While working on an assignment the hypothesis scratchpad contained the 
variables appearing in the assignment. In the case of the second assignment 
also the instances of the generic variables were included in the variable list on 
the scratchpad. 

The simulated learner starts the first assignment by stating an (incorrect) 
hypothesis and performing an experiment. On the basis of the result of this 
experiment the first hypothesis is rejected and replaced by its opposite. After 

12 To avoid confusion the word learner is reserved for the simulated learner performing the 
actions in the recorded session, whereas subject refers to the (live) subjects taking part in the 
experimental study presented here. 
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a second experiment this hypothesis is accepted (by marking it as "true") and 
specified to a quantitative relational level (in terms of Plotzner, Spada, Stumpf, 
& Opwis, 1992). After some more experiments the second hypothesis, 
resulting from the specification is accepted and the first assignment is 
completed. 

The simulated learner starts working on the second assignment by 
stating a hypothesis for instances of the error types involved, the error of the 
pipette and the error in the final result. After one experiment the hypothesis is 
specified to a qualitative relational level and another experiment is performed. 
The hypothesis is accepted and generalized to the generic variable types 
occurring in the assignment. Then the simulated learner performs an 
experiment with another instance of the partial error and finds that its results 
contradict the general hypothesis. Another hypothesis is stated but not tested 
since it is in contradiction with earlier results (these results are shown to the 
subject). The general hypothesis is then specialized (i.e., made less general) 
for the instance involved and for another instance, which is also tested by 
performing an experiment. Then the simulated learner states a new hypothesis: 
a restriction of the general case, capturing the general rule, followed by a 
second restriction for complementary cases of the first restriction. Finally, the 
first of these hypotheses is further specified to a quantitative relational level. 

In the recorded session, the simulated learner does not necessarily 
make the best choice for a search operation. Also, in many cases more than 
one search operation can be appropriate. 

At several choice moments in the recorded session subjects were interrogated 
about their thoughts. Eight of the moments of interrogation were located at a 
statement of a new hypothesis by the 'learner', six were near design and 
performance of an experiment and five were at moments the 'learner' was 
about to draw a conclusion from an experiment (data analysis). Table 8-1 
provides an overview of the choice moments for which subjects were asked to 
state what they would do and to judge the search operation in the recorded 
session. For hypotheses the type of search operation is given in the table, for 
experiments and data analysis moments the generality of the last hypothesis 
stated (general or instances). 

3.2 SUBJECTS 

Subjects were 22 second year chemistry students at Eindhoven University of 
Technology. They had received a formal introduction in error analysis in their 
first year of study. They participated in this study on a voluntary basis and 
were paid for their participation. 
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Table 8-1 The nature of the choice moments for which the subjects were asked to provide 
comments on the choices made by the simulated learner. 

choice 
moment statement of hypothesis experiment design data analysis 

instances 

2 instances 

3 instances 

4 instances 

5 specification to 
quantitative relational 

6 instances 

7 instances 

8 instances 

9 specification to 
qualitative relational 

10 general 

11 generalization 

12 general 

13 change relation (at 
general level) 

14 specialization (move to 
instance level) 

15 instances 

16 instances 

17 restriction 

18 restriction 

19 specification to 
quantitative relational 
level 

In this table, for moments where a hypothesis is chosen, the type of search operation 
performed by the simulated learner is given. For experiment design and data analysis 
choice moments, the generality of the variables in the last-stated hypothesis is 
indicated (general or instance). The horizontal line marks the transition to the second 
assignment given to the simulated learner. 
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3.3 PROCEDURE 
After a short introduction to the experiment, subjects were introduced to 4SEE. 
They were allowed to explore this simulation for 30 minutes, in order to 
familiarize with the simulation environment. After this period the simulation 
program was switched to replay mode and the prepared recording of the 
simulated learner was replayed. During replay, the subject could inspect on 
paper the assignments given to the simulated learner and the contents of the 
hypothesis scratchpad. Before the selected choice moments in the recording, 
it was announced which type of action (state a hypothesis, perform an 
experiment or draw a conclusion) the learner was going to perform, without 
revealing the content of this action. The subject was asked to say what he or 
she would do in this situation and why. The possibility of stating that the 
subject would not perform an operation of the type announced was explicitly 
included in the wording of the question. After the choice moment, the subject 
was asked to comment on the choice of the simulated learner and state whether 
he or she could imagine making the same choice. Subjects' answers were tape 
recorded. 

3.4 DATA 

Data consisted of the transcribed recordings of the subjects' answers to the 
questions posed during the experimental sessions. Due to a technical error, for 
one subject the tape recording was of such a quality that transcription was 
impossible. This subject was removed from the analysis. For each question the 
answer given by the subjects was classified according to a classification 
scheme. The main classification categories for assessing the subjects' responses 
to hypothesis choice moments include: the type of search operation chosen by 
the subject, whether the subject recognized the new hypothesis and whether the 
learner approved of the new hypothesis. For the design of experiments the 
subjects' responses were assessed on the variables mentioned and the level of 
description of the experiment. Data analysis moments were assessed on the 
correctness of the subjects' response. The complete classification scheme is 
presented in Appendix C. 

4 Results 

In the current section the results for hypothesis space search operations and the 
relation between hypothesis space and experiment space will be discussed 
separately. 
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Table 8-l Numbers of operations chosen by the subjects, for the different choice moments. The 
choices of the simulated learner are underlined. 

operation type 
chosen 

specialization 

generalization 

change variable 

globalization 

specification 

restriction 

change relation 

no new 
hypothesis 

no change 

not given 

total 

5 

0 

0 

3 

2 

1 
0 

9 

3 

21 

9 

0 

0 

5 

0 

ll 

0 

0 

21 

11 

0 

Q 

3 

0 

12 

0 

5 

0 

0 

21 

choice moment 

13 

2 

0 

5 

0 

6 

0 

21 

14 

0 

0 

6 

3 

0 

3 

21 

4.1 HYPOTHESIS SPACE SEARCH OPERATIONS 

17 

2 

6 

0 

0 

! 

2 

5 

0 

4 

21 

18 

0 

0 

0 

2 

~ 

0 

8 

0 

21 

19 total 

2 12 

0 

3 

0 

! 

3 

0 

7 

3 

2 

21 

2 

27 

2 

31 

20 

12 

42 

7 

13 

168 

In Table 8-2 an overview of the hypothesis space search operations chosen by 
the subjects is given. In this table the counts for search operations performed 
by the simulated learner are underlined13

• The names of the search operation 
types given in this table are the same as the ones used in Chapter 4. Table 8-3 
contains an overview of the number of times the subjects chose, recognized 
and approved of the hypothesis space search operations of specification, 
restriction and generalization. The number of times that an operation can be 
recognized and approved or disapproved of is limited by the number of 
occurrences of that search operation in the recorded session. 
At a choice moment for a hypothesis space search operation, subjects 
sometimes indicated that they would perform a hypothesis space search 
operation of a certain type without stating a new hypothesis. This may indicate 
that in such a case the subject was not able to actua1ly perform the operation 

13Note that the simulated learner does not necessarily choose the best search operation 
available. 
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Table 8-3 Means and standard deviations for number of times that subjects chose, recognized and 
approved of specific hypothesis space search operations. 

Specification 13 occurrences) 

times chosen times recognized times approved 
(max. 8) (max. 3) (max. 3) 

mean 1.48 2.95 2.14 

sd 0.93 0.22 0.85 

Restriction (2 occurrences) 

times chosen times recognized times approved 
(max. 8) (max. 2) (max.2) 

mean 0.95 1.71 1.52 

sd 0.97 0.46 0.60 

Generalization (1 occurrence) 

times chosen times recognized times approved 
(max. 8) (max. 1) (max. 1) 

mean 0.10 0.90 0.85 

sd 0.30 0.30 0.35 

chosen. In Table 8-4 an overview is given of such occurrences. In this table 
the choice moments for which subjects indicated that they would perform a 
hypothesis space search operation of a certain type were classified according 
to the whether a new hypothesis was actually stated, i.e., if the subject actually 
performed the hypothesis space search operation. In this analysis those 
moments for which subjects indicated that they did not want to state a new 
hypothesis (the categories: "no new hypothesis" and "not given" in Table 8-2) 
were excluded. The actual performance of search operation is significantly 
dependent of the search operation type indicated by the subject 
(x2(5,N= 113) = 24.94, p < 0.001). A more detailed overview of the results 
for specification, restriction and generalization will be given in the following 
subsections. 
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Table 8-4 Number of search operations chosen by subjects, classified according to whether a new 
hypothesis is actually stated. 

operation type chosen by subject 

hypothesis change change 
stated? specification restriction variable relation specialization other total 

no 11 13 23 2 9 7 65 

yes 20 7 4 10 3 4 48 

total 31 20 27 12 12 11 113 

4.1.1 Specification 
Out of a maximum of 168 times (21 subjects x 8 choice moments) 31 times 
a specification was chosen. On average, subjects chose a specification 1.48 
times. 

For choice moment 5 only two of the 21 subjects chose a specification. 
Nine subjects indicated that they did not want to state a new hypothesis, four 
of which motivated this by stating that the current hypothesis was sufficient (at 
a qualitative relational level); the other five gave no specific motivation. From 
Table 8-2 it can also be seen that only three subjects wanted to continue on the 
current hypothesis, for the same variables: two times specification, one time 
change relation. In all other cases, subjects did not want to change the 
hypothesis; wanted to globalize it, i.e., decrease precision; or turn their 
attention to other variables. For choice moment 5, most subjects saw no need 
for further elaboration (specification or otherwise) of the hypothesis. This can 
be i11ustrated by the following citations from the transcribed protocoP4

: 

I have not seen a new relation yet, what he15 could look at. He 
has seen this relation now completely and drawn a conclusion. 
It seems to me that he cannot draw another conclusion about 
it (s1, 5c). 

14 Citations from transcribed protocols were translated from Dutch. They are numbered 
according to subject (sN) choice moment number and choice (c) or approval statement(a). E.g., 
(s&, Sa) means: subject 8, choice moment 5, approval statement. 

u'He' refers to the simulated learner. In the instruction given to the subjects, no information 
was given on the sex of this non-existing person. 
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I think this relation has been demonstrated. I think he can stop 
(s9, 5c). 

131 

This is different for choice moment 9, for which the current hypothesis is at 
a very low precision level. For this hypothesis space search operation, thirteen 
subjects chose a specification. Also for choice moment 11 twelve subjects 
chose a specification, departing from a hypothesis at qualitative relational level. 

Three of the eight hypothesis space search operations in the recorded session 
were specifications, moves to more precise hypotheses. One (choice moment 
5) was a specification from qualitative relational level to quantitative relational 
level; one (choice moment 9) was a specification from a very global level to 
qualitative relational level; finally, choice moment 19 was a specification from 
qualitative relational level to quantitative relational level with as an extra 
complicating factor that the full hypothesis was a conditional statement. From 
Table 8-3 it is clear that learners often recognize specifications. In 70% of the 
cases, subjects approve of specifications. 

4.1.2 Restriction 
In 20 cases subjects stated that they wanted to perform a restriction. Table 8-4 
shows that in 13 cases they did not actually perform this search operation, by 
stating a new hypothesis. This is relatively often when compared to 
specification. For choice moment 14, where the most restrictions are given for 
the first time (6 in total), only one subject stated a hypothesis resulting from 
a restriction. For choice moment 18, which was located after the first 
encounter with a restriction in the recorded protocol, nine times a restriction 
was chosen, and six of these choices were accompanied by a new hypothesis. 
The following citations from subject's answers illustrate the cases where 
subjects indicate the choice for a restriction without actually performing this 
operation: 

Yes, then I would also state a new hypothesis, I think. In any 
case for every separate panial sigma16

, er ... , the relation 
with sigma total .. So, not sigma panial in general but the 
separate ones, or something like that (s3, 14c). 

1~y "sigma• subjects mean error, or, more precisely, standard deviation. The term refers to 
the symbol used to represent this quantity. 
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Because the previous hypothesis was not true, you can state a 
different hypothesis now, that the . . . total error is dependent 
of some factors, but independent of others (s15, 14 c). 

Er .. I would also state a new hypothesis again, and hope that 
it is true, something like er ... there are different partial 
sigmas (s16, 14c). 

These subjects indicate that they see the need to make a distinction between 
different partial errors but show no sign of knowing how. They do not state the 
idea that a conditional relation may be needed to do this. 

For choice moment 18 the number of chosen restrictions (See Table 8-2) is 
relatively high (9), but also the number of times the learners see no need for 
a new hypothesis (8). For this latter case the motivations given were "the 
current hypothesis is accurate enough" (3 times) and "there is not enough 
evidence for the current hypothesis, so you can't move on" (3 times). In two 
cases no specific motivation was given. 

Two of the hypothesis search operations in the recorded session (choice 
moments 17 and 18) were restrictions. They limited the domain of applicability 
of previous hypotheses from all partial errors to large and small errors 
respectively (relative to other errors contributing to the total error). From 
Table 8-3 it can be seen that restrictions are recognized only slightly less than 
specifications. 

4.1.3 Generalization 
The number of times subjects stated they would generalize a hypothesis was 
extremely low: this occurred only two times of all 168 times learners were 
asked to state their opinion of a new hypothesis. As a consequence of this low 
number, no information can be obtained about the subjects' capability to 
generalise. On the other hand, the generalization of choice moment 11 was 
recognized by 19 of the 21 subjects, of whom 18 approved of the search 
operation. 

Related to generalization is a change in variable of the hypothesis if the new 
variable is a child variable of the same generic variable as the current one (this 
condition is essential, otherwise the new hypothesis would indicate a change 
in attention by the learner). In such a case the validity of hypothesis is 
extended to more variables of the same type, but without making a general 
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statement. Table 8-2 shows that 26 times a variable change was chosen. Of 
these instances, the three chosen variable changes for choice moment 5 are not 
taken into account because they did not apply to variables of the same subtree 
in the hierarchy of variables of the conceptual model of error analysis 
(Appendix A). 

In some cases the subjects also clearly showed that they changed the 
variable in their hypothesis because they wanted to explore all instances of the 
general variable. For example: 

1he assignment is about partial sigma and total sigma, so then 
you could take for the pipette, or er ... the mass balance 
another sigma partial and look what the influence is on sigma 
total (sl6, 9c). 

For the variable changes, subjects also state less often than average a 
hypothesis, as is shown in Table 8-4. 

Also related to generalization, another interesting effect was observed. 
In some cases subjects identified the general variables with the instances, as is 
illustrated with the fact that for choice moment 11, at a point where a 
hypothesis has been stated for one instance of the general variables in the 
assignment given to the simulated learner, five subjects say that they do not 
want to state a further hypothesis, two of which explicitly state that the current 
hypothesis is sufficient for the assignment (the other three subjects gave no 
motivation). An example is the following citation: 

It seems that about this relation between, say, pipette and, 
say, acid concentration everything has been said. Don't think 
we have to state a new hypothesis for this (s4, llc). 

This is an example of identifying the general variables with specific instances, 
as a consequence the subject thinks he is ready with the assignment and does 
not want to state a new hypothesis. This can be explained either by assuming 
that the subject really identifies the general variables with the instances, or by 
assuming that the subject implicitly generalises the result from the specific 
variables to the general ones. A protocol citation taken from the judgement of 
an experimental design offers some evidence for the latter viewpoint: 
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Table 8-5 Number of times motivations were given for approval or disapproval of hypothesis 
space search operatiou. 

approval of hypothesis 

motivation for (dis}approval approved disapproved not given 

not enough evidence 0 4 0 

false expected 3 31 0 

true expected 55 2 2 

hypothesis is testable 39 2 0 

other/not given 19 9 2 

total 116 48 4 

Yes, I would do that too, of course, because that is also a 
part, but I think that the same is not necessary, because the 
pipette is also a part, er .. I think that you get the same result, 
so maybe unnecessary. (s5, 12a) 

total 

4 

34 

59 

41 

30 

168 

This subject indicates that performing an experiment with another instance of 
the general variables is not necessary because he expects to get the same result. 
This means that the learner has implicitly generalized the hypothesis and 
(incorrectly) assumed that it is true. 

4.1.4 Fear of rejection 
As a consequence of the assumed fear of rejection (See Section 1) it is 
expected that subjects will avoid hypotheses of which they are not certain or 
of which they think that they might be false. In Table 8-5 an overview of the 
motivations of subjects to approve or disapprove of a hypothesis is given. In 
this table some choice moments occur for which the motivation given and the 
(dis)approval seem to be. inconsistent (like hypothesis disapproved of, for 
which the subject expects the hypothesis to be true). 

Table 8-5 shows that the main reason why subjects have disapproved 
of hypotheses space search operations is that they expect a certain hypothesis 
to be false. Twenty-one of the 31 disapprovals of search operations with "false 
expected" were motivated by theoretical ideas, not by data observed earlier in 
experiments performed with the simulation. Also, the main reason for 
approving hypotheses is that the subject thinks the hypothesis is true. This can 
be an indication that in many cases learners do not want to state a hypotheses 
before they are sure of its correctness. 
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Table 8-6 Motivations given by subjects for (dis)approval of a hypothesis at the different choice 
moments. 

choice moment number 

5 9 11 13 14 17 18 19 total 

not enough 
evidence 0 2 0 0 0 0 4 

false 
expected 7 3 0 13 4 3 2 2 34 

hypothesis 
testable 10 4 8 2 4 3 5 5 41 

true expected 2 7 7 5 9 8 11 10 59 

other/ 
not given 2 6 4 4 7 3 3 30 

total 21 21 21 21 21 21 21 21 168 

On the other hand, in still a large number of cases, subjects approve 
of hypothesis "because they are suitable to be tested", a motivation belonging 
to more open-minded explorers, without the fear of rejection bias. 

A consequence of the fear of rejection assumption is that fear of rejection 
should occur more often if the chance of rejection increases, that is, fear of 
rejection should be observed more often for hypotheses that are either very 
precise or very general. Of course, this is only true under the assumption that 
subjects judge the probability of rejection in the same way. For the current 
experiment this would mean that fear of rejection based reasoning should be 
observed more often for choice moment 5, since there a very precise 
hypothesis is stated, and for choice moment 11, because there a very general 
hypothesis is stated17• In Table 8-6 the motivations given by subjects to 
approve or disapprove of hypotheses are given for the separate choice 
moments. This table shows that for choice moment 5 the motivation "false 
expected" occurs more often than for other choice moments. On the other 
hand, this motivation is completely absent for choice moment 11. For this 
latter choice moment, the motivation "not enough evidence", also connected 
with fear of rejection occurs twice. The data found here is too sparse to serve 

17 This is also true for choice moment 13, but from data available to the subject at this point 
of the session it can already be concluded that the hypothesis stated at this point is false. 
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as conclusive evidence for the dependence of fear of rejection on the precision 
or generality of the hypothesis. 

4.2 THE RELATION BETWEEN EXPERIMENT AND HYPOTHESIS SPACE 

4.2.1 Experiment design 
For the design of experiments, the relation between the level of generality of 
the hypothesis to be tested and the experiment designed by the subject were 
investigated. The experiment designed was assessed on two aspects: the 
variable selected to vary and the type of value change that was chosen. For the 
variables it was assessed whether the variable(s) selected to manipulate were 
appropriate to test the current hypothesis. The value change was assessed on 
a "description level". Three levels of description were distinguished (in 
increasing order): varying a variable, in- or decreasing a variable and, finally, 
more precise ones, like multiplying a variable with a fixed factor. These levels 
will be numbered 1 through 3 respectively. 

In the context of the current study, subjects proved to be good in selecting 
variables to do experiments with. In both assignments completed by the 
simulated learner, the first containing variable instances, the second general 
variables, subjects always picked correct instances of variables for performing 
experiments. 

A relation was found between the assignment and the description level 
of value changes that were chosen. Table 8-7 the experiment choice moments 
for which a value change was given by the subject (others were excluded) are 
classified according to their description level for each assignment separately. 
For the second assignment, about general variables, subjects designed their 
experiments only at a low level of description (~(2,N= 115) = 40.97, 
p < 0.001). 

In order to find evidence of experimental design influenced by a confirmation 
bias, the motivations of learners, both for designing experiments and for 
assessing the experiments designed in the recorded protocol were analyzed and 
classified. It was found that in the majority of cases subjects gave no 
motivation at all, neither for their own experiment design (in 103 cases out of 
126 (82%) subjects gave no motivation), nor for their assessment of the 
recorded protocol (114 cases, 91 %). In the few remaining cases no evidence 
could be found of reasoning based on a confirmation bias. 
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Table 8-7 Frequency of usage of description levels, as a function of the assignment. 

assignment 

instance 

general 

total 

description level 

28 

54 

82 

2 

15 

0 

15 

3 total 

18 61 

0 54 

18 115 

137 

It was observed that, in some cases, learners were led by the formulation of 
the last-stated hypothesis. They tried to copy the premise of the hypothesis as 
precisely as possible, which may not be needed to test the hypothesis. For 
example if the hypothesis states: "if A increases, B also increases" it is not 
necessary to increase A to test the hypothesis, a decrement of A also suffices, 
but in 23 (17%) cases subjects stated explicitly that they wanted to follow the 
exact formulation of the hypothesis. In some cases the simulated learner chose 
experiments which may test the hypothesis but did not follow its exact 
formulation. In most cases subjects recognized that such experiments are just 
as good as the one they had chosen themselves, but 5 subjects stuck to their 
own experiment, and didn't see the equivalence of the two experiments. This 
is illustrated by the following citations from a subject's protocol. The last
stated hypothesis is "if the amount of primary standard doubles, the error in 
the concentration of the titration solution divides by two": 

He was, at his former experiment, at an amount of primary 
standard of 100 mg. And his hypothesis is that ifyou double 
the primary standard, thus 200 mg, then the sigma must 
become twice as small, so I would take the amount of primary 
standard 200 (sl7, 6c). 

and after he had seen the experiment designed by the simulated learner (amount 
of primary standard becomes 50): 

Er ... So now I don't understand why he takes the mass (of the 
primary standard) twice as small, because the hypothesis 
stated that ifyou take the mass twice as large, then the sigma 
becomes twice as small. I wouldn't have done it this way. I 
would have taken 200 mg. (s17, 6a) 



138 DISCOVERY LEARNING IN COMPUTER-BASED SIMUlATION ENVIRONMENTS 

Table s-8 Numbers of correct and incorrect responses on data analysis moments as a function of 
the assignment type. 

generality 

instances 

general 

total 

4.2.2 Data analysis 

correct 

no 

20 

15 

35 

yes 

43 

27 

70 

total 

63 

42 

105 

On data analysis choice moments the simulated learner drew a conclusion on 
the truth value of a hypothesis, by indicating its truth value on the hypothesis 
scratchpad. The subjects were asked to do the same and comment the 
conclusion drawn in the recorded session. The main dependent variable in the 
analysis is the correctness of the subjects conclusion about the hypothesis. In 
Section 2 it was assumed that this variable would be dependent of the 
generality level of the hypothesis about which a conclusion is being drawn. 
In Table 8-8, this dependency is depicted. No significant effect of the 
generality level of the hypothesis on the correctness of the data analysis is 
found (il(l,N= 105)=0.18, n.s.). 

When looking at the motivations for drawing a certain conclusion a distinction 
was made between motivation based on observed experimental data and based 
on the subjects theoretical ideas about the domain. In Table 8-9 the dependency 
of the correctness of data analysis on the type of motivations is depicted. It is 
found that subjects who use the data from the experiments performed in their 
motivation, draw better conclusions regarding to the hypotheses stated 
(x2(2,N= 105) = 7.25, p < 0.05). 

5 Conclusions 

The current study has yielded some results on the ability of subjects to perform 
search operations in the dual search space, that is used to describe exploratory 
learning. 

For the hypothesis space search operation of specification, it has been 
found that, especially for search operations starting from a relatively high level 
of precision, subjects seldomly spontaneously state that they want to specify a 
hypothesis, but, once they have stated they want to specify, they relatively 
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Table 8-9 Correctness of data analysis as a function of the motivation given. 

correct 

motivation no yes total 

data-based 15 49 64 

theory-based 9 10 19 

other/not given 11 11 22 

total 35 70 105 

often show that they know how to do it by formulating a new (more precise) 
hypothesis. For restriction the picture is different. In a number of cases 
subjects indicate that they see a need for restriction but they do not know how 
to do this, i.e., they are not able to find a conditional relation suitable to 

express their ideas. Especially before subjects have seen a restriction in the 
recorded protocol they hardly give any indication that they know how to 
restrict a hypothesis. However, subjects relatively easily learned how to restrict 
hypotheses, that is, they extend their learner hypothesis space (see Chapter 4) 
when confronted with an example of a restriction operation. Both hypothesis 
space search operations of specification and restriction were little observed in 
the experiment described in Chapter 7; the current experiment shows that for 
each of these search operations a different explanation is needed: specifications 
occur rarely because subjects see no motive to carry them out, restrictions 
occur rarely because subjects do not know how to perform them, because they 
are unfamiliar with conditional hypotheses. 

The implication of the observed difference between specification and restriction 
is that both search operation types require different types of support within an 
exploratory environment. Support directed at stimulating a learner to specify 
a hypothesis should concentrate on showing the learner the needs for 
specification, for example by asking to state a prediction needing a more 
precise hypothesis than the learner's current one. On the other hand, support 
for restriction should be more directed at showing learners how to restrict, 
e.g., by providing an example of a conditional relation. Of course this rule 
should not be treated as a cookbook recipe: there may be learners not knowing 
how to specify and there may be learners needing motivational support for 
restriction, but the above may serve as a useful rule of thumb. 
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Universal hypothesis space -------""' 

conditional hypothese8 

Figure 8-1 Summary of the results of this study in tenns of the positions of hypotheses related to 
the search spaces of an average subject parlicipaling in the current study. 

Subjects hardly stated spontaneously that they would perform a generalization. 
However, it was observed that in a number of cases subjects did indicate that 
they wanted to extend the validity of a hypothesis to more instances of the 
same general variable. Apparently, they were not able to find the formulation 
of either the idea of generalization or the resulting general hypothesis or both. 
On the other hand, when confronted with a general hypothesis they showed 
little trouble in handling them: the general hypotheses were often recognized 
and there was no dependency of the quality of conclusions drawn from 
experiments on the generality of the hypothesis. 

In terms of the decomposition of hypothesis space in a learner hypothesis space 
and learner search space, as introduced in Chapter 4, the results of the current 
study can be interpreted in the way depicted in Figure 8-1. In this figure, for 
an "average" subject participating in the current study, the various kinds of 
hypotheses are located relative to the various subspaces of the universal 
hypothesis space as introduced in Chapter 4. The results indicate that precise 
hypotheses are within the learner hypothesis space (because they are easily 
recognized and constructed), but outside the learner search space, because 
learners do not often state these hypotheses spontaneously. Conditional 
hypotheses are outside the learner hypothesis space, because learners cannot 
find them spontaneously, though they indicate the need for them. The fact that 
they are recognized still relatively often may be due to the fact that subjects 
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have extended their hypothesis space when confronted with the new type of 
hypothesis. 

General hypotheses could not be located unambiguously either inside 
or outside the learner hypothesis space. Subjects did not find these hypotheses 
themselves, which puts them outside the learner search space, but there was 
not enough data available to be more specific than this. 

Evidence was found for the occurrence of fear of rejection, which was 
hypothesized at the beginning of this chapter. In some cases learners 
disapproved of the hypothesis stated in the recorded session expecting that it 
would be false. In a substantial part of these cases this disapproval was based 
on (incorrect or partially incorrect) theoretical ideas, not on previous observed 
experimental data. These events indicate a fear-of-rejection based reasoning. 
However, the opposite of fear-of-rejection based reasoning, temporarily stating 
a hypothesis, motivated by the testability of the hypothesis is observed as well. 

Also, there was a little, but not decisive evidence that fear of rejection 
is higher when the hypothesis stated is of a higher precision level, consistent 
with the expectations stated above. This means that exploratory simulation 
learning environments, aiming at the acquisition by the learners of high
precision relations should take into account the possibility of a learner not 
increasing the level of precision because of fear of rejection. Possible support 
in these cases could be encouraging learners to state hypotheses which they 
think are wrong and then find contradictory evidence. In this way learners may 
get used to rejecting hypotheses and lose their fear of rejection. 

No evidence was found for a confirmation bias in experiment design. A factor 
that may have contributed to the low number of observations of confirmation 
bias is the fact that subjects were not testing their own hypotheses but someone 
else's. The motivations learners gave to design their experiments were often 
directly based on the form of the hypothesis that should be tested. In a small 
number of cases this even led to a disapproval of experiments which were 
functionally equivalent to but superficially different from the experiment the 
subject had in mind. 

Subjects proved better designers of experiments than in the study 
described in Chapter 7. In this latter study, subjects relatively rarely found the 
correct variables to do experiments with. This difference may be explained by 
the fact that in the current study the situation was highly structured by the 
recorded session. At any time the subjects knew which hypothesis was being 
investigated. In the study of Chapter 7, the freedom of the participating 
subjects was much greater, meaning that they had to provide this structure 
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themselves, which may have influenced their ability to find the right variables 
for experiments. Also the fact that the subjects were second year students 
instead of first year students can explain part of the observed differences. 

Overall, this study has shown that performing learning processes 
needed for exploratory learning may run into a number of different types of 
problems, each of which may need a different kind of support. In designing 
exploratory learning environments, one should be aware of these differences 
in order to be able to anticipate them. 

The results of the current study stress the need for a detailed analysis 
of domains and learners before deciding on the nature of supportive measures 
to be included in the learning environment. For domains this analysis should 
be directed at the extent of the dimensions of the associated hypothesis space, 
e.g., the number of levels of generality and precision that are needed to 
describe the domain. This yields insight in the need for hypothesis space search 
operations while exploring the domain. The learner population should be 
assessed on the availability of the hypothesis space search operations, in order 
to decide the type of support for the performance of specific search operations 
in dual search space. 



9 
QMAPS: QUALITATIVE REASONING FOR SIMULATION 

LEARNING ENVIRONMENTS 

The main topic of the research described in this thesis has been the question 
how exploratory learning processes can be described, and how learners 
perform these processes when exploring an interactive computer simulation. 
This chapter will describe how the knowledge obtained from this research can 
be used in an integrated simulation learning environment. Such an environment 
is capable of providing the learner with support on the exploratory actions to 
be performed (de Jong, 1991). 

In generating these actions the environment needs to maintain a model 
of the knowledge of the learner. In this thesis a representation framework has 
been presented which can be used to represent both the knowledge of a domain 
expert and of a learner. Also a supportive instrument, a hypothesis scratchpad, 
has been developed to obtain information about the learner's knowledge. In the 
current chapter a prototype of a qualitative reasoning system is presented, 
capable of comparing the learner's hypotheses and the target model, 
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representing the knowledge of an expert, yielding a qualitative statement about 
the difference of these two along dimensions of precision, generality and 
domain of applicability. Furthermore this prototype is capable of generating 
qualitative predictions about the domain. 

l Introduction 

For generating adaptive support, an integrated simulation learning environment 
(ISLE) needs to maintain a model of the learner's domain knowledge, which 
is part of a learner model (a learner model may also include non-domain 
related characteristics of the learner, see Goodyear, Njoo & Hijne, 1991). The 
current chapter only concerns the learner's domain knowledge. Since, in many 
cases, the learner will reason about the simulation domain on a qualitative 
level, the learner model must also be stated in qualitative terms (Hartog, 1985; 
Leitch & Horne, 1989; Leitch, Wiegand & Queck, 1990). Also the generation 
of supportive measures, like explanations of phenomena occurring in the 
simulation, will require explicit use of qualitative domain knowledge. 
Therefore, there is a need for including a module in simulation learning 
environments, capable of performing reasoning at a qualitative level. The 
current chapter will describe requirements for and introduce a prototype of 
such a qualitative reasoning (QR) system, suitable for maintaining a model of 
the learner's domain knowledge and making inferences based on this model. 

The qualitative reasoning module in a simulation learning environment 
functions simultaneously and in cooperation with the quantitative simulation, 
described by the runnable model (See Chapters 2 and 3), which is the core of 
the intelligent simulation-based learning environment (ISLE). From the results 
of Chapters 3 and 4 of this thesis, the following requirements for a qualitative 
reasoning system, part of an ISLE of can be derived: 

• The reasoning system must be able to reflect the physical and 
conceptual structure of the domain. 

• Reasoning can take place on different levels of generality, 
using concepts at different conceptual . distances from the 
quantitative simulation (Hollan, Hutchins & Weitzman, 1984; 
White & Frederiksen, 1990). 

• Reasoning can take place at different levels of precision, 
measured on the dimension qualitative/quantitative. Plotzner 
(1990) and Plotzner and Spada (1992) distinguish three 
different levels: Qualitative Relational, Quantitative Relational 
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and Quantitative Numerical. Consistency needs to be 
maintained between levels. 
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These requirements reflect the need for the system to be able to generate 
qualitative statements at various levels of reasoning, differing in generality and 
precision. The QR module should also be able to explicitly refer to events 
occurring in the quantitative simulation: 

• The qualitative reasoning system should be able to incorporate 
the data generated by the quantitative simulation, which is part 
of the simulation learning environment. 

This last requirement also emphasises that the goal of creating the qualitative 
reasoning module is not to replace the quantitative simulation but to 
supplement it in order to allow for a multilevel understanding of the simulated 
system. By introducing qualitative reasoning the possibility of modelling 
various different levels of the knowledge of the learner interacting with the 
environment is created. 

This chapter will describe QMaPS, a Qualitative Matching and Prediction 
system for Simulations. QMaPS is a prototype of a qualitative reasoning 
module designed according to the requirements listed above. QMaPS consists 
of a structured domain representation scheme and an inference engine. QMaPS 
has two main goals: creating a model of the knowledge state of the learner in 
relation with the target model the learner should acquire as a result of learning 
with the help of the ISLE, and applying qualitative domain knowledge to states 
of the simulation, yielding predictions about the behaviour of the simulation. 
The latter function of QMaPS is helpful in generating qualitative explanations 
of the behaviour of the simulation. QMaPS has been implemented in ESI 
Prolog-2, an implementation of Edinburgh Prolog (Bratko, 1986). 

2 QMaPS' domain representation, the conceptual model 

The domain representation used by QMaPS is a conceptual model, built along 
the lines of the conceptual modelling framework presented in Chapter 3. The 
main features of this modelling framework are: 

• Modelling of physical and conceptual domain structures 
• A hierarchical organization of variables 
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• A multilevel relation typology, employing multiple inheritance 
for transfer between levels 

• An instantiation mechanism for establishing the link between 
the qualitative reasoning system and the quantitative 
simulation. 

The modelling framework was implemented as a frame-based, object oriented 
knowledge base. A conceptual model is implemented as a set of database 
entries (represented as Prolog clauses), representing variables, relations and 
models. A set of operators, implemented as Prolog rules, provides means for 
traversing the variable and relation space along dimensions of precision and 
generality. 

The other main source of information needed by QMaPS is the Ieamer. In 
order to make inferences about the learner's ideas QMaPS needs a 
representation of these ideas, stated in the language of the conceptual modelling 
framework. In order to obtain these ideas from the learner, the learning 
environment should either provide the learner with a means to explicitly state 
ideas or try to infer the learner's ideas from the interaction with the simulation. 
The hypothesis scratchpads, introduced and tested in the previous chapters 
provide the learner with a means to state ideas, hypotheses, about the 
simulation. The structure offered on the scratchpad ensures that the hypotheses 
entered are stated in the language of the conceptual modelling framework. 

3 QMaPS' reasoning and predicting system 

Based on the conceptual modelling framework, a number of inference engines 
have been conceived, yielding the reasoning functions needed for learner 
modelling and generating explanations. The current section will describe these 
reasoning mechanisms. The three main functions of QMaPS are: 

• deriving new relations based on relations present in the 
conceptual model 

• matching the different conceptual models, i.e., the one entered 
by a domain expert during creation, the target model, of the 
simulation and the one obtained from the learner during a 
session. 

• generating qualitative predictions about the behaviour of the 
quantitative simulation. 
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3.1 INFERENCING IN QMAPS 
It would be impossible and undesirable to create a conceptual model, which 
would explicitly include all possible relations between all variables present in 
the model. The description of the conceptual model should take place in a 
parsimonious way i.e., the complete model should be described using a 
relatively small number of relations. Also, a complete description would not 
employ the structure of the domain representation which was designed for 
propagating relations over different levels of generality and precision. 

This introduces the need for a mechanism for deriving relations not 
represented directly in the conceptual model. Also it is by no means guaranteed 
that learners will formulate exactly the same relations between the same 
variable pairs as experts have done in the target conceptual model. Therefore, 
there is a need to derive relations between the variables the learner has 
proposed to investigate. 

The derivation algorithm is based on the structures in the variable hierarchy 
and the relation typology. If a relation between two variables needs to be 
derived, when it is not found directly in the conceptual model, QMaPS first 
starts to search the variable inheritance tree, i.e. it looks for conceptual model 

M+(A,O) 

/_do~ 

M+(A,B) M+(B,D) 

Model 

variables: 
A 
B 
c 
D lnherltC 

relations: 
M+(A,B) 
M+(B,C) 

""" found In lhe_made/laun~ 

M+(B,C) C is_ the_parent_of D 
was_found_ln_the_model 

Figure 9-1 Example of a derivation trace for a relation, derived from lWo relations in the 
conceptual model relations and a variable inheritance relation. 
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relations between parents of the variables in the variable hierarchy. QMaPS 
thus searches whether more general relations in the conceptual model may be 
applied to a less general situation. If such a search fails the system will try to 
combine relations found on the basis of information stored in the relation 
typology, especially the transitivity properties of the relations. For example, 
for a transitive relation RT, the relations RT(A,B) and RT(B,C) can be combined 
into RT(A,C). Similar operations can be performed using symmetric and 
invertible relations. 

Furthermore, the relation typology contained in QMaPS, contains a 
number of ad-hoc facts, like a transitivity table, containing information how to 
combine different relations into new ones. For example an exponential function 
and a linear function combine into a new exponential function. 

Using the information stored in the relation typology, QMaPS can 
construct new relations from existing ones. This combination algorithm is 
recursive, the relations to be combined are obtained by performing a call to the 
derivation procedure, and may therefore themselves stem from an earlier 
combination of two relations. 

The derivation mechanism searches all possibilities until either a 
solution has been found or until search fails. When a solution has been found 
the system also produces a derivation trace, which can be used as a basis for 
explaining the system's reasoning. This trace, which is represented as a tree, 
will also be used in the matching process to be described in the next section. 
In Figure 9-1 an example of such a derivation tree is presented. 

3.2 MATCHING LEARNER AND CONCEPTUAL MODELS 

QMaPS' main function is comparing the relations in the learner model with 
those in the target conceptual model. This comparison is based on the 
derivation trace and the inheritance structure of the relation typology. For the 
purpose of this matching procedure, the derivation mechanism can be extended 
to include a downward search in the variable tree. This may render invalid 
relations, but such relations may contain useful diagnostic information, like 
unjustified generalizations of existing relations. In order to match a relation 
with the conceptual model QMaPS first tries to derive a relation between the 
variables in the relation under investigation (the "proposed relation"). The 
relation found is compared with the proposed relation. If these relations don't 
match, the relation typology is searched to indicate if the proposed relation is 
more or less precise i.e., if the proposed relation is subsumed by the relation 
derived from the target model or vice versa. Of course also neither of the two 
possibilities may be the case, in which case there is no match at all. 

Furthermore, the derivation trace is inspected in order to find upward 
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or downward searches in the variable tree (the use of parentship relations). An 
upward search indicates that the relation proposed may be generalized (i.e., 
stated at a more general level, using more general variables), a downward 
search indicates that the relation proposed is at a too general level. 18 

Relations may be restricted by conditions, formulated in terms of variables. An 
example of such a restriction is: if A> 0 then the relation "if A increases B 
also increases" holds, or, in the language of the conceptual modelling 
framework (Chapter 3): A>O: M+(A,B). The comparison made between the 
proposed and derived relation is only valid for the region of state space where 
the conditions, if any, attached to both relations are true. If both conditions do 
not match exactly, e. g., if the condition of the proposed relation is less 
restrictive than the condition in the relation derived from the conceptual model, 
the matching result should contain a statement about the condition, e.g., 
underconstrained or overconstrained. To obtain this statement the two relations 
will first be matched independent of the conditions attached to them, yielding 
a difference in precision (which may be zero). Then the conditions will be 
matched by dividing state space into four regions, classified by the truth value 
of both the condition of the proposed relation (Cp) and the conceptual model 

Table 9-1 Statements that can be generated when matching two conditional relations. For the 
empty cells, no statement can be generated. 

conditional 
regions 

-.c, & -.eM 

incorrect 
relation 

no match 

Result of relation matching 

Rp less precise 
than R., R, R.. 

too global ok 

overconstrai ned 
over-

constrained 

possibly under- under-
constrained constrained 

Rp more precise 
than RM 

too specific 

possibly over-
constrained 

underconstrained 

18 If the conceptual model is overcomplete, i.e., when relations are present which may also 
be derived from other relations, different derivation traces may be possible yielding different 
results for matching. At the current state of development, QMaPS docs not handle these 
situations. This problem can be bypassed by always taking the shortest possible derivation trace· 
as reference for matching. 
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relation (C~. Each of these regions may be empty. For the regions that are 
non-empty, statements are generated according to Table 9-1. For example, if 
the region where Cp is true and ~ is false is non-empty, and the relations 
without condition match exactly, the relation with condition will be marked 
'underconstrained', meaning that, in order to achieve correctness, the proposed 
relation should be constrained further. Note that more than one statement may 
be generated about a relation with condition, viz., one for each non-empty 
region of state space, defined by the two conditions. Especially, a relation can 
be both overconstrained and underconstrained. 

The matching mechanism described here provides information on the scope, 
precision and correctness of relations proposed by the learner. This information 
is valuable for the learning environment as a source for the generation of 
instructional measures. For example, if a learner has stated a relation at an 
imprecise level, the learning environment can try to stimulate the learner to 
investigate that relation deeper. Another example is the result on scope: if the 
learner states a relation that is underconstrained, the learning environment can 
generate a situation in which the relation is not valid, i.e., generate a 
counterexample. 

3.3 QUALITATIVE PREDICTIONS OF BEHAVIOUR OF THE SIMULATION 

Apart from a learner modelling feature, QMaPS introduces a prediction engine. 
There are three main reasons for including a qualitative prediction mechanism 
in a simulation learning environment: 

• Predictions can be used for qualitative explanations of 
processes in the simulation. 

• Predictions can be performed using the Ieamer nwdel as basis, 
showing learners the consequences of their ideas, yielding a 
runnable Ieamer nwdel. 

• Predictions can be used to generate counterexamples of 
learner's ideas. 

In QMaPS prediction is performed by a constraint propagation mechanism 
(Fishwick, 1989). Each relation, whether present in the conceptual model or 
derived from other relations is a predictive engine, by applying a constraint to 
state space. In applying such a constraint data obtained from the simulation, 
i.e., data points calculated by the runnable model are explicitly used in 
generating predictions. Using these constraints, values of variables which may 
occur in future system behaviour are obtained by excluding values which can 
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not occur, based on information from the relations and data from the 
simulation. The latter data is, of course, obtained by applying instantiation 
relations (see Chapter 3). 

Figure 9-2 shows an example of applying such a constraint for the relation M +, 

the monotonic increasing relation. The figure depicts the state space for the 
continuous variables A and B. The left part of the figure shows a situation for 
which one data point has been obtained from the simulation modeL The grey 
areas represent the combinations of points that are still allowed to occur under 
the constraint. 

The right part of the figure shows how a new data point, indicated by 
an arrow, from the runnable model is included in the prediction. The region 
of state space containing possible future points has been further constrained. 
It is clear that each new data point added will result in a smaller region of state 
space, allowed to occur. 

Constraints can be combined and are propagated to other variables, 
using other relations. A prediction is the final result of the constraining task, 
yielding a set of value tuples that may occur, as implied by the relational 
structure of the conceptual model. The size of the this value set depends on the 

B 

A A 

Fiaure 9·2 Example of lhe relation M+ used as a predictive engine. Shown is how values from 
the simulation model can be incorporated in the prediction. 



152 DISCOVERY LEARNING IN COMPUTER-BASED SIMULATION ENVIRONMENTS 

precision level of the relations used for predicting, the more precise the 
relations, the smaller the prediction set. At the most precise level, that of 
mathematical relationships, the predictions generated are unique, i.e., the set 
of value tuples reduces to a set defined by a functional relation. It should be 
stressed that predictions can be generated using relations of any level of 
precision. 

QMaPS also includes an additional mechanism for increasing the amount of 
information present in a prediction. If the resulting value set contains a critical 
point, QMaPS will generate information about the system behaviour around 
this point. One important example of critical points are borders of conditions 
added to relations. Other critical points are implicit in the nature of relations, 
e.g., zero points of derivatives. Finally, an author of a model may mark 
certain points as critical. 

4 An example 

In this section an example is presented of applying QMaPS to a simple domain, 
for illustrating both the matching and prediction function. The system modelled 
in this example is a simple water tank. 

Consider a tank containing water. There is a continuous inflow and an outflow 
of water (see Figure 9-3). The outflow (considered positive) is monotonically 
increasing with the water level, the inflow is constant. This system can be 
modelled by the following relations in QMaPS: 

deriv(level, time, netflow). 
sum(netflow, outflow, inflow). 
constant(level, outflow). 
M+(level, outflow). 

Two applications of the QMaPS reasoning system will be shown. First, the 
following relation can be proposed to QMaPS: 

M+(time, level). 

QMaPS will respond: 

netflow>O: M+(time, level) was derived from 
deriv(level, time, netflow) by relation typology. 
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inflow 

Figure 9-3 The tank system as discussed in me example 

relation is correct where netflow > 0 
relation is underconstrained. 

153 

~outflow 

Furthermore, the following data can be given to QMaPS (normally this would 
be obtained from the quantitative simulation): 

[time = 0, inflow = 10, outflow = 5, level = 10] 

when requested QMaPS will respond: 

at (inflow, outflow) = (10,5) netflow = 5 by 
sum(netflow, outflow, inflow). 

at (lime, level, netflow) = (0,10,5) level will increase for increasing 
time by netflow>O: M+(time, level) 

for (time>O, level?, netflow?) will be (time>O, level?, netflow?). 
Region contains point (time, level, netflow) = 
(time > 0, level> 10, 0), where constant (level, time) by 
netflow=O: constant(time, level). 

for (level> 10, outflow?) will be (level> 10, outflow>S) by 
M+(level, outflow). 

The latter two examples shows that QMaPS can signal the occurrence of an 
interesting point in state space, but that it is unable to derive the full 
consequences, e.g., the last line does not state that the level will be unable to 
cross the stability point where netflow = 0. Also the information provided is 
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insufficient to infer that the level will never decrease below the initial level. 
If, as extra data on the relation between outflow and level, also the point [level 
= 20, outflow = 15] would be entered, QMaPS would be able to infer that the 
water level at the stability point is between 10 and 20. 

5 Conclusions 

QMaPS is a system that may play a role in qualitative reasoning for intelligent 
simulation learning environments. In the study described in Chapter 7. the 
matching part of QMaPS has been applied to the hypotheses stated by the 
learners, in a post hoc analysis. In all cases in which the learners used 
variables that could be interpreted in terms of variables in the target model 
QMaPS could classify the hypotheses according to scope, and precision and 
compare the hypotheses with the target model However, the model involved, 
described in the Appendix was relatively simple. There is no data on how 
QMaPS will score on robustness and performance in complex models. 

QMaPS shows that the principles behind the design of the conceptual modelling 
framework presented in Chapter 3 and the theoretical ideas of Chapter 4 are 
usable in the design of practical systems. It is important that reasoning is easily 
transferred to a different level of generality and/or precision, especially for the 
predicting mechanism. The prediction method shows the advantage of the 
strong relation of the qualitative model with the quantitative simulation model, 
by making use of information stemming from this latter model. The method is 
a, relatively simple, constraint propagation method, with great power but some 
limitations as shown in the example, once a relation typology has been defined. 
The use of critical points in the analysis has similarities with the use of 
landmark points in QSIM (Kuipers, 1976). However, in Kuipers' system these 
landmark points carry the qualitative simulation algorithm, whereas in QMaPS 
they are only provided as additional information in order to allow for a more 
detailed description of the envisaged system behaviour. 

The prediction system can be used both to generate predictions based 
on the conceptual model, present in the simulation learning environment and 
to show learners the consequences of their ideas, using relations in the learner 
model as a basis for generating predictions. Both types of predictions can also 
be combined to find states where learner predictions are valid, but conceptual 
model predictions are not, yielding counterexamples which can be presented 
to the learner. 

The structural representation, representing both the physical and conceptual 
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structures, present in the domain, has a further advantage for use in a 
simulation learning environment. Instructional characteristics and instructional 
relations should be attached to the model structures (De Jong, Tait & Van 
Joolingen, 1992). Also model structures can be instantiated with values and be 
labelled as typical and/or critical examples of the uninstantiated model. These 
possibilities make the QMaPS conceptual modelling framework suitable as a 
basis for teaching about the domain. 

At the current state of development QMaPS exists as a prototype that can be 
applied to a limited number of domains. In order to extend the applicability of 
QMaPS, the relation typology that it contains, described in the Appendix, 
should be extended. However, a large-scale development and evaluation of 
QMaPS, included in a real time intelligent simulation learning environment, 
is outside the scope of this thesis. 

In order to perform such an evaluation there are some conditions to be 
met. First, there should be an input mechanism from which QMaPS should 
obtain information about the learner's knowledge. The hypothesis scratchpad 
as presented in Chapter 7 is a likely candidate to be such an input mechanism, 
since the hypotheses entered by subjects on the scratchpad were understandable 
for QMaPS. The limitation of using this information instead of the 'real' 
knowledge state of the learner is that QMaPS will deliver not a model of the 
learner's knowledge but of the Ieamer's conception of his or her knowledge. 

Second, an interpretation mechanism for the output of QMaPS is 
needed. The output of QMaPS is not meant to be communicated to the learner 
directly, but as an information source for an instructional manager, which 
decides on the amount and type of support to be given by the learner. Such a 
system is presently not available. 





10 
GENERAL DISCUSSION 

In this final chapter a general discussion of the results of the studies presented 
in this thesis will be given. First, the relevance of the results of the research 
presented for the research questions presented in Chapter 1 will be discussed. 
Furthermore, the results will be discussed in the light of their consequences 
for the design of intelligent simulation-based learning environments. 
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1 What have we learned about exploratory learning? 

lrifluencing exploratory learning processes 
The main research question addressed in this thesis (see Chapter 1) concerns 
the possibility of describing and influencing exploratory learning processes of 
learners interacting with a computer simulation. To start with the latter part 
of this question, the following conclusion can be stated as the single most 
important result of this thesis: 

Exploratory learning behaviour by learners in simulation 
environments can be influenced by supponive measures, 
moreover, these measures can improve the exploratory 
behaviour of a learner. 

This result, which was the most salient result of the study presented in 
Chapter 7, implies that the learning strategy a learner employs (like 
'experimenter' or 'theorist', as identified by Klahr and Dunbar(1988)) is not 
completely determined by statical attributes of the learner. Klahr and Dunbar 
had already found that the strategy may be dependent of the learner's prior 
knowledge about the domain, or better, of the initial learner search space 
related to the domain investigated. In the current thesis it was shown that this 
learning style may also be influenced by the design· of the learning 
environment. This finding creates challenging opportunities for the design of 
simulation learning environments. 

Describing exploratory processes 
On the theoretical, descriptive, level the discovery process for simulations 
was characterized in terms of the theory of dual space search (Simon & Lea, 
1974; Klahr & Dunbar, 1988). Using this theory and our experimental 
observations, several aspects of discovery learning were identified. The first 
of these aspects is the structure of hypothesis space and experiment space. In 
Chapter 4 this structure has been elaborated. Hypothesis space is decomposed 
into a variable space and a relation space. On each of these spaces a number 
of dimensions, viz., precision, generality, scope and domain of validity has 
been defined based on theories of qualitative reasoning (Sime & Leitch, 1992; 
Leitch, Ponapelli and Slater, J991; Spada, Stumpf & Opwis, 1989) and the 
domain representation framework developed in Chapter 3. Experiment space 
was described as a collection of value-change tuples. 

The decomposition and dimensioning of hypothesis space allows for 
a detailed description of search processes in this space. A number of search 
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operation types in hypothesis space has been defined in Chapter 4. These 
dimensions and search operations define a representational framework which 
allows for a detailed description of learning processes of learners exploring a 
simulation. In Chapter 7 empirical support was found for the decomposition 
of hypothesis space in a variable space and a relation space. In Chapter 8 it 
was shown that search operations in hypothesis space take place, and also that 
their performance may be troublesome. 

Descriptive frameworks are necessary in order to investigate the 
properties and evaluate the effectivity of exploratory learning environments. 
In order to make a sensible assessment of learning within such environments, 
new evaluation techniques, like the ones used in this thesis are needed. These 
techniques should assess not only on the final results of learning interactions, 
in the sense of tests for domain knowledge, but also on the learning process 
itself. In exploratory learning environments and within constructivist 
approaches it is not only important what people learn, but also how they learn 
it. 

Conditions for learning processes 
The study presented in Chapter 8 revealed that search operations in 
hypothesis space may differ in difficulty: some search operations, like 
restriction, are less easy to perform than others, like specification. These 
results provide necessary information to create supportive measures, tailored 
to the specific needs of learners. These results do not provide general rules 
for all domains and learners but rather indicate the need of analyzing the 
learners' possibilities of moving in hypothesis space in order to adapt the 
simulation environment to the learners capabilities. 

For the domain involved in the experimental studies presented in this thesis, 
the structure of experiment space needed no further elaboration. Experimental 
studies performed with the simulation 4SEE resulted in one value tuple at a 
time. In the general case, experiment spaces may be more complex than this. 
For example, in the domain investigated by Njoo (1993) an experiment could 
consist of a series of measurements, resulting in one statement about one, 
more general variable (like "stability"). This means that for the more 
complex simulations a further analysis of structures in experiment space is 
necessary. Probably the concept of "value tuple" should be reinterpreted .to 
encompass not only direct measurements, but also results from series of 
measurements. This would also mean that the relation between hypothesis 
space and experiment space, the instantiation relation, would become more 
complex. 
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The experimental studies show that exploratory learning is a very difficult 
undertaking for a learner. This becomes most clear by the result of Chapter 
6, where extra support resulted in lower learning results. Similar effects were 
also found by de Jong, de Hoog and de Vries (1993). This emphasizes the 
fact that the cognitive activity of exploratory learning involves the learner so 
much that extra supportive measures become more a burden than a favour for 
carrying out learning processes. 

2 Intelligent simulation-based learning environments 

The research presented in this thesis is relevant for the field of intelligent 
tutoring systems, more in particular intelligent simulation-based learning 
environments (ISLEs)19 

• .In this section the implications of the results for this 
field will be discussed. 

2.1 CONSTRUCTIVISTIC LEARNING ENVIRONMENTS 

Exploratory learning has promising features (see Chapter 1), but is difficult 
and in need of support. For computer simulation this means that instructional 
shells should be built around the simulation model. These instructional shells 
should explicitly allow for and support exploratory learning, yielding 
constmctivistic learning environments, where learners are invited to, 
implicitly or explicitly, construct their own knowledge. In such a 
constructivistic environment learners can be supported in their learning 
processes in many ways. One important supportive measure is the hypothesis 
scratchpad, as introduced in Chapter 5, but there are more ways of 
supporting the learner in exploring the simulation. Some of these measures 
and their relation to the research presented here will be discussed, followed 
by a more elaborate discussion of hypothesis scratchpads and their relation 
with the issue of learner modelling. 

Mental model progression and multiple viewpoints. 
The basic principle behind mental model progression and multiple viewpoints 
is that the learning environment contains different representations of the same 
domain knowledge. These representations can differ in level of complexity, 
precision, or along other dimensions. The idea is that the learner learns about 

1~he term ISLE stems from the European Community-funded DELTA project SIMULATE 
(SIMulation Authoring Tool Environment) in which part of the research preaented has been 
carried out. In the successor project SMISLE (System for Multimedia Intelligent Simulation 
Learning Environments) the term MISLE is being used, where theM stauds for Multimedia. 
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the domain at one modelling level. Once this level has been understood the 
learner can proceed with a new level. 

The idea of offering more than one model of a domain, differing in a 
level of difficulty or stemming from different viewpoints on the domain 
originates from the QUEST system (White & Frederiksen, 1990). This idea 
has been adopted by the advocates of constructivism (Jonassen, 1991; Duffy 
& Jonassen, 1991a,b) and knowledge negotiation approaches (Moyse & 
Elsom-Cook, 1992). Designing a system around multiple domain models is 
important to guide the process of going from an original knowledge state to a 
comprehension of the target model. 

The transitions between levels in learning environments containing 
multiple domain models are related to the search operations in hypothesis 
space, which have been defined in Chapter 4. In order to understand the 
features that have been introduced by the transition from one level to anther, 
learners needs to enlarge their search space, by applying search operations. 
As was shown in the third study (Chapter 8), learners may have trouble with 
a variety of search operation operations in hypothesis space. Therefore, it is 
advisable to choose the different levels of domain models in such a way that 
the necessary enlargement of the learner search space can be reached by 
applying one type of search operation at a time. For example, it would be 
unwise to introduce a transition to a new level containing both generalisations 
and specifications of the relations at the starting level. An intermediate level, 
with only specifications or only generalisations would be advisable. The study 
presented in Chapter 7 has shown that these two search operations, taking 
place in variable space and relation space respectively, can be treated 
independently of each other. This provides a guiding principle for the choice 
of the contents of the various levels in a model progression. 

Support for learning processes. 
In this thesis it was shown that a number of learning processes (certain search 
operations in hypothesis space, the design of experiments, drawing 
conclusions from experiments) are problematic for a learner involved in an 
exploratory learning situation. Also it has been shown that, although learners 
showed the ability to perform a certain learning process, they did not carry 
them out, for lack of purpose (like the case of specification, described in 
Chapter 8). This finding calls for explicit stimulation of these learning 
processes, for example by providing learners with a motivation for a certain 
hypothesis space search operation, or by demonstrating how to perform a 
certain learning process. Also providing learners with assignments (de Jong et 
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al., 1992) in order to guide their discovery processes, like the ones provided 
in the study of Chapter 7, falls in this category. 

In order to provide this kind of supportive measures, the learning 
environment has to know when specific learning processes are appropriate. 
This means that the learner model must not only encompass a model of the 
learner's knowledge state, as described in Chapter 9 and in Section 2.2 of 
this chapter, but also of the ongoing discovery processes. Research on this 
subject is being performed (e.g., Langley, 1985; Shrager, 1987; Langley, 
Simon, Bradshaw, & Zytkow, 1988) but the current applicability of the 
results of this research in actual learning environments remains an issue for 
research. 

2.2 HYPOTHESIS SCRATCHPADS AND LEARNER MODELLING 

From the theoretical framework developed in Chapters 3 and 4 a method was 
derived for creating a model of the learner's knowledge state, which is an 
essential ingredient for constructivistic learning environments. A tutoring 
module in a learning environment will use the information in a learner model 
to vary the amount and type of support given to the learner exploring the 
computer simulation (Duchastel, 1988; Ohlsson, 1986). The hypothesis 
scratchpads, introduced in the experimental studies (Chapters 6-8) have 
proven to be a valuable information source on the knowledge state of the 
learner. 

This approach to learner modelling, supplemented with the notion of 
hypothesis scratchpad, is in line with the views on learner modelling 
expressed by Self (1988). He argues for learner modelling approaches which 
only modestly claim to know what the learner thinks, and in which the 
learner model is negotiable with the learner. The hypothesis scratch pad is a 
tool which learners use to express what they know. This means that learners 
create the learner model, or at least provide the information necessary for it 
themselves. This also means that the learning environment may negotiate this 
model with the learner, for example by indicating inconsistencies between 
different hypotheses present on the scratchpad. During these negotiations the 
learner is required to rethink the hypotheses stated, which can elicit learning. 
Thus negotiating a learner model may lead to valuable learning events. 

The occurrence of these events is enabled only because learners state 
their hypotheses explicitly. This renders that the scratchpad is not only a tool 
for expressing ideas and a handy information source for the environment, but 
may also be an initiator of a new type of learning dialogue. 
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The system QMaPS, presented in Chapter 9 indicates that the approach to 
learner modelling, as outlined above, can work in practical situations. 
QMaPS is able to compare the domain knowledge of the learner with that 
stored in a target conceptual model. This target model represents what the 
learner should know at the end of the learning process. The interesting 
feature of QMaPS is that it does not require the learner to reproduce the 
target conceptual model. Instead, QMaPS can compare hypotheses stated 
differently than in the conceptual model, for example hypotheses stated on 
different levels of generality and precision, or relating variables in a different 
way. 

This means that the target conceptual model is no longer something 
that must be reproduced exactly by the learner, but rather a measuring 
instrument for aspects of the learner model. This means that learners can 
express their ideas in their own way, within the limits of the expression tool 
they use, and still these ideas can be assessed by the learning environment. 
This cart be extended by introducing multiple representations within the 
conceptual model, by introducing modelling techniques like compositional 
modelling (Falkenhainer & Forbus, 1991). 

The approach to learner modelling with QMaPS, only provides a 
model of the learner's knowledge state, not of the ongoing process of 
discovery. In Section 2.1 the need for such a learner model was indicated. 
The development of such a learner model remains an issue for further 
research. 

The ideas behind QMaPS are in line with constructivism, where it is 
essential that the learner has freedom to provide his/her own view on the 
domain (Duffy and Jonassen, 1991a, b). However, a major difference is that 
in 'pure' constructivist approaches to learning, no target model would be 
present. In this sense, a system designed along the principles of QMaPS 
would not be constructivistic in the strict sense. However, an assessment of 
the learner's domain knowledge is necessary to maintain a sensible learning 
dialogue. 

For the design of hypothesis scratchpads, the issue of representation earns 
some discussion. The scratchpads used in this thesis employed a textual 
representation of the domain elements, meaning that relations and conditions 
were represented by sentences containing slots and variables were just 
represented by words. Other representations, apart from the modelling 
language itself, are also possible, notably graphical representations. 

Examples of graphical modelling languages are found in existing 
simulation tools, with STELLA as a noteworthy example. Also in some 
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learning environments, like VARILAB (Mallen, Byard, & Hartley, 1991) 
graphical representations are available for the learner to state ideas about the 
domain. The main advantages of such representations are that they are often 
easy to use and may provide a better structural overview over the domain 
representation. On the other hand, a graphical language is a new language to 
be learned by its user, whereas in the textual representation hypothesis can be 
stated in a familiar way, as ordinary sentences, albeit with a sometimes 
unfamiliar structure. 

Probably, the characteristics of the domain at hand will influence the 
choice for a specific representation of the relations on hypothesis scratchpads. 
In domains where the structure is of primary importance, the choice will 
probably be for a graphical representation; in a domain described by a 
relatively small number of more or less independent relations, like the 
domain of 4SEE, a textual representation will prevail. 

Mayer (1989) found that the use of graphical models (he uses the 
term conceptual models) improves learning results, expressed in conceptual 
recall and problem solving transfer. In the studies discussed by Mayer (1989), 
the models offered to subjects are picture sheets given to the learner. In the 
case of a hypothesis scratchpad using a graphical representation, would be an 
interactive graphical model (in Mayer's sense). An important difference is 
that on the graphical hypothesis scratchpad the model is constructed by the 
learner, not by an expert. An advantage of this is that the learner will obtain 
a deeper understanding than in the case of a ready-made model, created by a 
teacher. A disadvantage is that the model constructed by the learner may not 
be correct. 

Apart from variables and relations, hypothesis scratchpads may offer 
an explicit representation of yet another notion, i.e., that of search operations 
in hypothesis space. When search operations are explicitly represented, as 
objects acting on hypotheses, it is possible to explicitly facilitate and support 
moving in hypothesis space. Of course the usefulness Of such a tool is yet to 
be tested in practice. 

2.3 BRINGING CONSTRUCTIVISTIC LEARNING ENVIRONMENTS TO PRACTICE 

For constructivistic environments, as described above, to become effective 
learning systems, there are several conditions to be met. First of all, learners 
should become familiar with them. It has been found in the experimental 
studies that exploratory learning is demanding. This means that learners 
should have sufficient time available to learn how to handle the learning 
environment. This time is not wasted, since a number of skills needed for 
exploratory learning are of use in many other situations in which knowledge 
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needs to be constructed from information. A way to achieve this familiarity is 
providing practice for the learner for (supported) exploratory skills in a 
number of domains. This means that a reasonable number of different 
exploratory learning environments should be available. Somehow, these 
environments should be standardized on the level of instructional support. 
This calls for the introduction of authoring systems, containing standard 
solutions for several types of support. For example, the approach taken in the 
SMISLE project (De Jong et al. 1992a, b) includes libraries of building 
blocks which represent different kinds of instructional support. like 
assignments, explanations, model progression and hypothesis scratchpads. 

Finally, an important issue in designing constructivistic learning environments 
is the balance between support and instruction (e.g. Elsom-Cook, 1990a). For 
constructivistic learning it is essential that the learner is as active and as little 
constrained as possible. The notion of supporting learners at first seems 
contradictory to this idea. In the current thesis it was shown that support can 
be given in a such a way that room for exploration remains. Above it was 
outlined that the hypothesis scratchpad can be used for constraining the 
learner in the hypotheses that can be stated. Also other measures were 
mentioned that can be given to either direct or constrain the learner. 

The constructivistic principle requires that these measures should be 
applied with great care. A sensible principle seems to be to do nothing as 
long as the learner makes some progress along dimensions in hypothesis 
space (Chapter 4). Also, in the light of the view on learner modelling of Self 
(1988), it seems wise to leave most of the initiative for activating supportive 
measures to the learner. On1y when the environment has positive evidence 
that the learner does not make enough progress and when the learner does not 
take the initiative in asking for support, directive (like assignments) and/ot 
constraining measures (like reducing the set of elements on the hypothesis 
scratchpad) should be taken. Such a minimalist approach to exploratory 
learning (e.g_., Elsom-Cook, 1990b) ensures that constructivistic learning 
environments remain constructivistic in the true sense as long as possible. 
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SAMENV A TTING 

Het onderwerp van dit proefschrift is exploratief leren met computersimulaties. 
Het idee van exploratief leren is dat de lerende zelf zijn of haar kennisbasis 
construeert, door gebruik te maken van de informatie die aanwezig is in de 
leeromgeving. Dit idee steunt op de theorie van het constructivisme (Bruner, 
1972; Jonassen, 1991). De belangrijkste overweging in deze theorie is dat 
lerenden die op deze manier kennis opbouwen die 'dieper' representeren en 
daardoor beter kunnen gebruiken. In het geval van computersimulaties kan de 
lerende de informatie nodig voor het opbouwen van de kennisbasis verkrijgen 
door experimenten met de simulatie uit te voeren en de resultaten daarvan te 
analyseren. Het uiteindelijke doel van exploratief leren met computersimulaties 
is dat de lerende een mentaal model opbouwt van de processen en relaties die 
de simulatie beschrijven. Simulaties hebben daarbij vele extra voordelen zoals 
veiligheid en de mogelijkheid om onzichtbare processen te visualiseren. 
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Hoewel exploratief leren voordelen biedt, vergt het veel van de lerende. De 
lerende moet exploratieve leersituaties tegemoet treden op een manier die 
vergelijkbaar is met de manier waarop een wetenschapper zijn onder
zoeksmateriaal benadert. Hieruit volgt dat de lerende over specifieke 
leerprocessen moet kunnen beschikken, gericht op het orde brengen in de 
informatie die aanwezig is in de leersituatie. De belangrijkste van deze 
leerprocessen zijn: hypothesevorming, het ontwerpen van experimenten en het 
analyseren van data (Njoo & de Jong, 1991). In een 'ideaal' geval zou een 
student beginnen met het opstellen van een hypothese, vervolgens deze 
hypothese toetsen door een experiment te doen met de Qsimulatie, waarna een 
conclusie getrokken wordt voor de hypothese. Dit proces herhaalt zich totdat 
de student een verzameling hypothesen heeft die in afdoende mate het 
bestudeerde domein beschrijven. 

Onderzoek heeft aangetoond dat de specifieke leerprocessen nodig voor 
exploratief leren problematisch zijn. Studenten zijn vaak niet in staat om een 
goede hypothese op te stellen, een goed experiment te ontwerpen of de juiste 
conclusie uit de verworven gegevens te trekken. Erger nog, studenten kunnen 
volledig verdwalen in de hoeveelheid gegevens die een computersimulatie kan 
genereren. 

Om bovenstaande reden verdient het aanbeveling om de student 
ondersteuning aan te bieden bij het leren met behulp van een 
computersimulatie. Echter om deze ondersteuning effectief te Iaten zijn is meer 
gedetailleerde kennis nodig van de leerprocessen die een rol spelen bij het leren 
met computersimulaties. Het doel van dit proefschrift is om te komen tot een 
beschrijvingskader voor exploratieve leerprocessen en vervolgens te 
onderzoeken hoe deze leerprocessen belnvloed kunnen worden. 

In hoofdstuk 2 wordt ingegaan op de structuur van computersimulaties. 
Simulaties bestaan uit een onderliggend model (een "runnable model") dat 
gebruikt wordt om gedrag te imiteren van een werkelijk systeem. Verschillende 
typen modellen worden besproken, onder andere kwantitatieve en kwalitatieve 
modellen. Voorts worden instructionele eigenschappen van simulaties vermeld: 
de hoeveelheid controle door de lerende en het leerdoel, procedureel of 
conceptueel. 

In hoofdstuk 3 wordt beargumenteerd dat het simulatiemodel niet 
afdoende de kennis beschrijft die de lerende zou moeten verwerven. Vaak is 
extra kennis noodzakelijk om op een goede manier over bet domein te kunnen 
redeneren. Deze kennis is meestal wei impliciet opgesloten in het simulatie
model maar is niet expliciet gerepresenteerd. Een voorbeeld hiervan is 
kwalitatieve kennis die vaak gebruikt wordt om op een hoog niveau over het 
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domein te redeneren. Daarom is een representatieschema, een conceptueel 
model ontwikkeld dat deze extra kennis kan representeren en relateren aan bet 
simulatiemodel. De belangrijkste elementen uit deze representatie zijn 
(conceptuele) variabelen en (generieke) relaties. 

De belangrijkste eigenschap van dit conceptueel model is dat relaties 
en variabelen voor kunnen komen op verschillende niveaus van (respectievelijk) 
precisie en generaliteit. In hoofdstuk 4 wordt van deze eigenschappen gebruik 
gemaakt bij de ontwikkeling van een theorie voor exploratief leren. Deze 
theorie is gebaseerd op ideeen van Klahr en Dunbar (1988) die ontdekkend 
leren beschrijven als een zoekproces in twee gerelateerde probleemruimten: een 
hypotheseruimte, de coilectie van aile hypothesen die mogelijk zijn over bet 
onderzochte domein en een experimentruimte, de verzameling experimenten die 
met bet domein kunnen worden uitgevoerd. Uitgaande van dit model wordt bet 
conceptueel model gebruikt om structuur aan te brengen in de hypotheseruimte. 
Deze wordt gesplitst in een variabeleruimte en een relatieruimte, welke 
gedimensioneerd worden volgens, respectievelijk, generaliteit en precisie. In 
deze ruimten worden een aantal zoekprocessen gedefinieerd die nodig zijn om 
geschikte hypothesen te vinden die bet domein kunnen beschrijven. 
Voorbeelden van dergelijke zoekprocessen zijn specificatie (vergroten van 
precisie) en generalisatie (vergroten van generaliteit). Verder wordt de 
hypotheseruimte opgedeeld in deelgebieden die beschrijven wat een lerende 
over bet domein weet: de universele hypotheseruimte, bestaande uit aile 
mogelijke hypothesen over de simulatie, de hypotheseruimte van de lerende, 
bestaande uit aile hypothesen die de lerende kent en de zoekruimte van de 
lerende, de hypothesen die actief overwogen worden door de lerende. 

Uitgaande van de hierboven beschreven structuur van de hypotheseruimte is 
een ondersteunende maatregel ontworpen, die de lerende moet helpen bij bet 
doorzoeken van de hypotheseruimte, een hypothesekladblok. Op dit kladblok 
kunnen lerenden hun hypothesen noteren terwijl ze bezig zijn met de simulatie. 
Het aanbieden van een dergelijk instrument wordt geacht bevorderlijk te 
werken voor de structurering van bet leerproces door de lerende. Door nu op 
bet hypothesekladblok de elementen aan te bieden waaruit een hypothese is 
opgebouwd, variabelen en relaties, kan bet leerproces van hypothesevorming 
verder worden ondersteund. De effecten van deze vormen van ondersteuning 
zijn onderzocht in experimentele studies. 

In hoofdstuk 5 worden bet domein, foutenanalyse in de chemie, 
waarmee de experimentele studies zijn uitgevoerd, en de simulatie die van dit 
domein is ontwikkeld beschreven. Ook wordt in dit noofdstuk de eerste, 
papieren versie van bet hypothesekladblok beschreven. In hoofdstuk 6 wordt 
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bet eerste experimentele onderzoek met drie verschillende kladblokken 
gepresenteerd. Uit dit onderzoek blijkt dat ondersteuning door bet aanbieden 
van variabelen op bet kladblok werkt, in de zin dat studenten met behulp van 
deze ondersteuning beter in staat zijn om variabeletypen te onderscheiden. Aan 
de andere kant blijkt ook een negatief effect van bet aanbieden van relaties: die 
worden op een lager precisieniveau gekozen. Ook is gevonden dat, naarmate 
de ondersteuning toeneemt, studenten minder actief worden, hetgeen 
waarschijnlijk te wijten is aan bet feit dat bet begrijpen van de ondersteunende 
maatregelen tijd en energie vergt, die ten koste gaat van de activiteit met de 
simulatie. 

In de tweede experimentele studie, beschreven in hoofdstuk 7, is geprobeerd 
de zoekruimte van de studenten te beinvloeden, zowel wat betreft de variabelen 
als de relaties. Er is gevonden dat studenten die v66rdat zij begonnen met bet 
doen van experimenten hypothesen opstelden, zowel meer als ook preciezere 
hypothesen genereerden dan studenten die op ieder moment hypothesen konden 
opstellen. Ook werd door deze studenten de waarheidswaarde van die 
hypothesen systematischer en beter onderzocht. Echter, op een natoets werden 
geen significante verschillen gevonden tussen beide groepen studenten. De 
verbetering zit dus vooral in bet proces van ontdekkend leren, (nog) niet in bet 
eindresultaat. De belangrijkste vinding van deze experimentele studie is dat het 
leerproces in exploratieve leeromgevingen daadwerkelijk kan worden 
beinvloed. 

In de derde studie (hoofdstuk 8) is gedetailleerd onderzocht wat de redenen 
kunnen zijn waarom lerenden bepaalde zoekprocessen in de hypotheseruimte 
niet goed uitvoeren. Met name is de aandacht gericht op de processen van 
specificatie, bet preciseren van een hypothese, restrictie, het inperken van de 
geldigheid van de hypothese en generalisatie, het toepasbaar maken van de 
hypothese op meerdere variabelen van eenzelfde soort. De eerste twee studies 
hebben uitgewezen dat juist deze zoekoperaties problematisch waren. Ook is 
gekeken naar het antwerp van experimenten door de lerenden en het trekken 
van conclusies daaruit. In bet onderzoek is aan proefpersonen gevraagd 
commentaar te geven op een opgenomen sessie met de computersimulatie van 
een 'student' die de simulatie exploreert. 

Het blijkt dat specificatie en restrictie om verschillende redenen niet 
voorkomen. De uitvoering van specificatie is niet problematisch voor de 
proefpersonen, maar ze zien vaak geen reden om te specificeren. Voor 
restrictie geldt het tegenovergestelde: proefpersonen zien redenen om een 
hypothese in te perken maar zien niet hoe ze dat kunnen doen. Dit verschil 



SAMENVATilNG 171 

brengt met zich mee dat deze zoekprocessen op een verschillende manier 
ondersteund moeten worden. In het geval van specificatie moet de 
ondersteuning zich vooral richten op de motivering van studenten, in het geval 
van restrictie vooral op de uitvoering van de zoekoperatie. 

In hoofdstuk 9 wordt gedemonstreerd hoe de theoretische benadering van 
hoofdstuk 4 in de praktijk gebracht kan worden in een systeem, QMaPS, dat 
hypothesen van lerenden af kan zetten tegen een 'doelmodel', een conceptueel 
model van de kennis van een expert. Een belangrijke eigenschap van de 
methode die QMaPS hanteert, is dat de hypothesen niet aileen worden beoor
deeld op •goed' of •fout', maar ook op precisie en generaliteit. Bovendien 
kunnen ook nieuwe relaties worden afgeleid uit het conceptuele model, zodat 
de vergelijking tussen hypothesen van de lerende en het conceptuele model van 
een expert zeer tlexibel kan verlopen. De informatie die QMaPS genereert, kan 
gebruikt worden in een student model, een model van de kennis van de 
lerende, , hetgeen weer gebruikt kan worden voor op maat gesneden 
ondersteuning voor de lerende. 

Tot slot worden enige aanbevelingen gedaan voor het antwerp van Intelligente 
Simulatie Leeromgevingen (engelse term: ISLE). De rol van bet hypothese
kladblok als medium met behulp waarvan de leeromgeving en de lerende in 
dialoog kunnen gaan over bet domein en de kennis van de lerende daarover 
wordt benadrukt. Ook wordt betoogd dat de rol van de ondersteunende 
maatregelen in een ISLE bescheiden moet zijn teneinde de lerende zoveel 
mogelijk vrijheid te geven zijn eigen leerproces vorm te geven. 
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A 
APPENDIX: 

FORMAL DESCRIPTION OF THE CONCEPTUAL 

MODEL OF ERROR ANALYSIS 

In Chapter 5 an informal description was given of the conceptual model of 
error analysis that has been developed for the current thesis. In this appendix 
a full, formal description is given in the language belonging to the conceptual 
modelling framework described in Chapter 3. 

First the relation typology is described, which is the same as the 
relation typology used for the example in chapter 3. Based on this relation 
typology, the relations stated on the hypothesis scratchpads used in Chapters 
6-8 were chosen. 

The relation typology is followed by the set of variables. The final 
section describes the model structures defined, which show a powerful 
application of inheritance. 
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1 The relation typology 

In defining the relation typology, it has been assumed that a number of sets 
have been defined, viz.: 

• any, the set consisting of all possible qualitative and 
quantitative values that may occur. 

• ordered, any set containing an ordering relation (e.g., 
greater_than) 

• reals, the set of real numbers, with subsets positive _reals and 
negative _reals 

• integers, the set of all integer numbers, with subset naturals, 
the set of natural numbers. 

Sets of qualitative values will be enumerated. The sets defined will be used as 
domains for formal parameters in relations and as ranges for variables. Below 
the relation frames are defined. In these definitions an exclamation mark (!) 
introduces a comment. In Figure A-1 the subsumption tree for some relations 
is drawn. Some relations as well as some subsumption relations have been 
omitted from this picture for reasons of clarity. No completeness is claimed for 
this relation typology, for new domains it may need extensions, which should 
be incorporated in the relation hierarchy, in order to use the relations in 
reasoning. 

!the base type for all relations of two variables 
relation relation(A,8) 
domains (any, any) 

!the monotonic relation 
relation M(A,8) 
domains (ordered, ordered) 
subsumes relation(A, 8) 
attribute transitive(A, 8), symmetric(A, 8), inverse(M + (8,Al) 

!the monotonic increasing relation 
relation M +(A, 8) 
domains (ordered, ordered) 
subsumes M(A,8) 
attribute transitive(A,8), symmetric(A,8), inverse(M• (8,A)) 
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!the monotonic decreasing relation 
relation M"(A,B) 
domains (ordered, ordered) 
subsumes M(A,8) 
attribute symmetric(A,8), inverse(M"(B,A)) 

!8 is constant if A changes 
relation ConstantiA, B) 
domains (any, any) 
subsumes relation{A, 8) 

!X is a constant 
relation Constant(X) 
domains (any) 

!As A increases B asymptotically reaches a constant value 
relation 'Ass(A,8) 
domains (ordered, any) 
subsumes relation(A,8) 

! A ... B 
relation About_ Equals(A, 8) 
domains (any, any) 
subsumes relation(A,8) 
attribute transitive(A, 8), symmetric(A, 8), inverse(Equals(A,8)) 

! A= 8 
relation Equals(A,8) 
domains (any, any) 
subsumes About_Equals{A, 8) 

! A> 8 
relation Is_ Greater _Than(A, 8) 
domains {ordered, ordered) 
subsumes relation(A, 8) 
attribute transitive(A, Bl, inverse (Is_ Smaller_ Than(8,A)) 

! A< 8 
relation ls_Smaller_ Than(A,Bl 
domains (ordered, ordered) 
subsumes relation(A,8) 
attribute transitive(A, 8), inverse(ls _Greater_ Than(8,A)) 
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! A » B, i.e. A is at least one order of magnitude greater than B 
relation Is_ Much_ Greater_ Than (A, B) 
domains (ordered, ordered) 
subsumes Is_ Greater_ Than(A, B) 
attribute transitive(A,B), inverse(ls_Much_Smaller_ Than(B,A)) 

!A « B, i.e. A is at least one order of magnitude smaller than B 
relation Is_ Much_ Smaller_ Than(A, B) 
domains (ordered, ordered) 
subsumes Is_ Greater_ Than(A, B) 
attribute transitive(A, B), inverse (Is _Much_ Greater_ Than(B,A)) 

! B is linearly dependent of A 
relation L(A, B) 
domains (reals, reals} 
parameter C : reals 
subsumes M(A,B) 
attribute transitive(A, B), inverse (L(A, B)) 
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I B is linearly dependent of A with a positive coefficient; note de 
redefinition of C 

relation L +(A, B) 
domains (reals, reals) 
parameter C : positive_reals 
subsumes UA,B) [C], M+(A,B) 
attribute transitive(A, B), inverse(L(A, B)) 

! B is linearly dependent of A with a negative coefficient 
relation L"(A,B) 
domains (reals, reals) 
parameter C : negative _reals 
subsumes L(A,B) !C), M"(A,B} 
attribute transitive(A, B), inverse(L(A, B)) 

I B is inversely proportional to A 
relation lnverse(A,B} 
domai1lS (reals, reals) 
subsumes M"(A,Bl 
attribute symmetric(A,B), inverse(lnverse(A,B) 
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lAs A increases 8 reaches the value C 
relation Qass(A,8) 
domains (ordered, any) 
parameter C: domain(8) 
subsumes Ass(A, 8) 

!As A increases 8 relaxes monotonically to C 
relation Relaxes_ To(A,8) 
domains (ordered, ordered) 
parameter C 
subsumes Oass(A,8) [C], M(A,8} 

! C = 8*'A 
relation Prod(A,8,C) 
domains (reals, reals, reals) 
subsumes ConstantiA} : L(8,C) [Al, 

Constant(8} : L(A,Cl [8], 
Constant(C) : lnverse(A,8) 

attribute symmetric(A, 8) 

I C = A+8 
relation Sum(A,8,C} 
domains (reals, reals, reals} 
subsumes ConstantiA) : M+(8,C) [A], 

Constant(8) : M+(A,C) [8], 
Constant(Cl : M"(A,8) 

attribute symmetric(A,8l 

! C2 = A2 + 82
, introduced specially for the domain of error analysis 

relation hypoth(A,8,C) 
domains (reals, reals, reals) 
subsumes ConstantiA) : M+(8,C) [AJ 

Constant(8) : M+(A,Cl [81 
Constant(C) : M"(A,8) 
A » 8: About_Equals(A,C) 
A « 8 : Constant(A,C) 

attribute symmetric{A,8) 
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I B is a periodic function of A 
relation Periodic(A, Bl 
domains (reals, any) 
parameter period : positive_reals 
subsumes relation(A,B} 

!B is the derivative of A with respect to C 
relation Deriv(A,B,C} 
domains (reals, reals, reals} 
subsumes B > 0: M+(A,Cl 

B < 0: M-(A,Cl 

2 Variables 

191 

In this section the variables introduced in the conceptual model of error 
analysis ~re defined. The variable names are self explanatory 

variable error 
range reals 
time·dependent no 

variable relative_ error 
inherit error 

variable absolute_error 
inherit error 

variable data_ error 
inherit error 

variable partial_ error 
inherit error 

variable calculated error 
inherit error 

variable relative data error - -
inherit relative_ error 
inherit data error 
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variable relative _partial_ error 
inherit relative error 
inherit partial_ error 

variable relative calculated error - -
inherit relative error 
inherit calculated_ error 

variable absolute data error 
inherit absolute error 
inherit data error 

variable absolute _partial_ error 
inherit absolute error 
inherit partial_ error 

variable absolute_ calculated_ error 
inherit absolute error 
inherit calculated_error 

variable number of measurements 
range naturals 
time-dependent no 
initial-value 0 

variable amount 
range positive _rea Is 
time-dependent no 

variable reliability 
range {low, medium, high}/ordered 
time-dependent no 

variable error_ change_ type 
range {absolute_ constant, relative_ constant} 
time-dependent no 
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3 Model structures 

The current section defines the model structures of the conceptual model. 

!combine two errors 
model combine-errors 
variable perr-1 : partial_error 
variable perr-2 : partial_error 
variable cerr : calculated error 
relation hypoth(perr-1, perr-2~ cerr) 

!combine two errors in an addition. Notice the inheritance relation and the 
redefinition of the variables. No relation is defined in this model 
frame. The between perr-1 and perr-2 relation is inherited from the 
model structure combine errors 

model add_errors 
inherit combine errors 
variable perr-1 : absolute _partial_ error 
variable perr-2 : absolute_partial_ error 
variable cerr : absolute calculated error - -

!combine two errors in a multiplication 
model multiply_errors 
inherit combine_errors 
variable perr-1 : relative _partial_ error 
variable perr-2 : relative_partial_error 
variable cerr : relative calculated error - -

!dependence of the error of the quantity used or measured 
model change_amount 
variable quantity : amount 
variable a err : absolute_ error 
variable rerr: relative_error 
variable echange : error_ change_ type 
relation echange = absolute_constant : Constant{quantity, aerr) 
relation echange = absolute_constant : M'(quantity, rerrl 
relation echange relative_ constant : Constant{ quantity I rerr) 
relation echange = relative_ constant : M +(quantity I a err) 
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!dependence of the error calculated from repeated measurements on the 
number of measurements 

model repeated_ measurement 
variable n : number of measurements 
variable measured_ sd : data_ error 
variable sigma : error 
variable rei : reliability 
relation Oass(measured_sd, nl [sigma] 
relation M + (n, rei) 

!general evaluation of a measurement, notice that a relation slot is filled 
with an expression. 

model experiment_evaluation 
variable measured_sd : data_error 
variable calculated_sd : calculated_error 
variable rei : reliability 
relation M·(abs(dif(measured_sd, calculated_sd)), rei) 

Note that in the definition of models no compound models were defined. This 
composition of large models is dependent of the exact calculation sequence 
used to obtain the final result, and is not of real interest for describing the 
interesting features of the error analysis model. 
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APPENDIX: 

ASSESSMENT SCHEME USED 

IN THE STUDY OF CHAPTER 6 

This appendix presents the assessment scheme as it was used in the study 
presented in Chapter 6. The assessment scheme consists of a number of 
categories, each with a number of possible values. The names of the categories 
are printed in SMALL CAPITALS, the values in normal types. Some comments are 
given in italics. 
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Analysis of hypotheses stated on the hypothesis scratchpad 

The syntax, or well-formedness of a hypothesis is assessed on three aspects: the 
variables, the relations and the fact if the relation may be applied to the 
variables. 

VARIABLES SELECTED 

correct 
interpretable 

incorrect 

RELATION SELECTED 

correct 
interpretable 
incorrect 

RELATION APPLICABLE 

correct 
interpretable 
incorrect 

The variables are not defined correctly, but may be 
deduced from the context. 

Assessment of the relation in the hypothesis 

PRECISION 

Very global 
E.g. "A and Bare related." The following categories are 
stated in the terms introduced by PIOtzner (1990). 

Qualitative relational 
Quantitative relational 
Quantitative numerical 

Matching with the conceptual model 

VARIABLE USED 

To be found in either the conceptual or runnable model. 
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CORRECTNESS OF HYPOTHESIS 

Completely correct 
Too general The hypothesis is incorrect because it is too general 
Too precise The hypothesis is incorrect because it is too precise 
Incorrect The hypothesis is incorrect because of another reason 

RELATION WITH PREVIOUS HYPOTHESES 

No previous hypothesis 
When a hypothesis is stated about the same variables 
as present in a previous hypothesis these hypotheses 
are matched. 

Matching: compatible or incompatible 
Is the new hypothesis in contradiction with the 
previous one? 

More/Less general 
More/Less precise 

In the latter two cases the hypothesis is compatible 
with a previous one. 

RELATION WITH PREVIOUS EXPERIMENTS 

Have experiments been performed with the variables in the 
hypothesis before stating the hypothesis? 

Previous experiment 
No previous experiment 

Analysis of experiments 

INPUT VARIABLES 

name(s) of input variables 

OUTPUT VARIABLES 

name(s) of output variables 

RELATION WITH HYPOTHESIS 

Capable for confirming evidence 
Capable for disconfirming evidence 
Not related 
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APPENDIX: 

ANALYSIS SCHEME FOR THE STUDY 

PRESENTED IN CHAPTER 8 

This appendix contains the analysis scheme as it was used for the study 
presented in Chapter 8. Separate categories are detined for the analysis of 
hypothesis space move, experiment space and data analysis choice moments. 
The various categories names are printed in SMALL CAPITALS, the values that can 
be scored are printed in normal type. Some comments are printed in italics. 
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Hypothesis space moves 

SEARCH OPERATION TYPE CHOSEN (see Chapter 4) 
search in varklble space 
generalisation 
specialisation 
change variable 
search in relation space 
specification 
globalisation 
restriction 
release 
change relation 
other 
no new hypothesis 

not given 
other 

The subject indicates that he or she does not 
want to state a new hypothesis. 

STATEMENT OF NEW HYPOTHESIS 

same The subject stated the same new hypothesis as 
the hypothetical learner is going to. 

different The subject states a new hypothesis, different 
from the one the hypothetical/earner is going 
to. 

not given 

RECOGNISED MOVE 

no 
yes 

The subject does not state a new hypothesis. 

A search operation is said to be recognised if 
the Ieamer says that the resulting hypothesis 
is indeed a hypothesis, ·or from a statement it 
is clear that the hypothesis is understood, 
without actually saying so explicitly. 
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APPROVAL OF SEARCH OPERATION 

no 
yes A search operation is said to be approved of 

if the learner states that he or she might 
have stated the same new hypothesis. 

Motivations are indicated both for the choice of a search operation and for the 
approval of a search operation. 

MOTIVATION FOR CHOICE OF SEARCH OPERATION 

in case of no statement of a new hypothesis 
previous not sure E. g.: I don't want to state a new hypothesis 

because I am not sure of the current one. 
previous good enough E. g.: I don't want to state a new hypothesis 

because I think the one I have is good 
enough, no need to investigate further 

for choice of search operation 
theory-based The new hypothesis is stated on the basis of 

theoretical ideas. 
data-based The new hypothesis is stated on the basis of 

data found in the simulation. 

MoTIVATION FOR (DIS)APPROVAL OF THE NEW HYPOTHESIS: 

for disapproval 
false expected 

not enough evidence 

for approval 
think true 

think testable 

source of motivation 
theory-based 

data-based 

Example: "I think this hypothesis will be 
false, therefore disapproved" 
There is not enough evidence to support this 
hypothesis. 

Opposite of the above, for accepting 
hypotheses 
This hypothesis may be tested 

These two categories can be added to the 
categories above, as extra motivation 
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Experiment design: 

EXPERIMENT CHOSEN: 

The following types of experiment designs are distinguished. If a 
certain design may fall into two or more categories, the most precise 
one is chosen The categories represent what the subject says, they 
represent no actual actions with the simulation (in which case it would 
be impossible to distinguish between precision levels one and two). 

precision level 1 
vary a variable 
precision level 2 
increase a variable 
decrease a variable 
precision level 3 
multiply a variable with a factor 
divide by factor 
add amount 
subtract amount 

no experiment 

other 

The Ieamer indicates that slhe does not want 
to peiform an experiment 

if the Ieamer wants to do experiments with another variable instance 
this is indicated 

MOTIVATION 

Motivation is scored for both the experiment design chosen and for the 
approval of the design by the hypothetical Ieamer, the score schemes 
are identical. 
Form bias 

Conformation bias 

The Ieamer designs his her experiment form 
the outside appearance of the current 
hypothesis. 
The Ieamer designs and motivates an 
experiment with the clear intention to collect 
only corifirmative evidence for a hypothesis. 
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RECOGNISED 

yes 
no 

APPROVAL 

yes 
no 

Data analysis 

The Ieamer has recognised an experiment if 
s/he indicates that the actions performed are 
a sensible experiment. 

The learner accepts an experiment if slhe 
indicates that he or she might have done the 
same experiment. 

CHOICE FOR ACCEPTANCE OR REJECTION OF HYPOTHESIS 

reject 
accept 
no conclusion The Ieamer indicates that he cannot draw a 

conclusion 

RECOGNISED 

yes 
no 

APPROVAL 

yes 
no 

MOTIVATION 

Theory-based 

Data-based 

Not enough evidence 

The hypothesis is accepted/rejected based on 
theoretical ideas ofthe Ieamer's, independent 
of the correctness of those ideas. 
The hypothesis is accepted/rejected on the 
basis of conclusions drawn from the 
experimental data, independent of the 
correctness of these conclusions. 
As a motivation for no conclusion 
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Curriculum vitae 

Wouter Reinder van Joolingen was born in Leiden on April 29, 1962. In 1980 
he finished the VWO ('preparatory scientific education') at the 'Christelijk 
Lyceum Dr. W.A. Visser 't Hooft' in Leiden. In the same year he started a 
study in physics at Leiden University. In 1987 he graduated in theoretical 
physics on a thesis on experimental evaluations of hidden variable theories. 

From June 1987 until December 1988 he worked at the physics education 
group of the University of Utrecht, on computer simulations for mechanics in 
secondary education. In January 1989 he started working for the Research 
Centre for Transfer of Technical Knowledge, part of the Faculty of Philosophy 
and Social Sciences of Eindhoven University of Technology. He participated 
in the EC-funded DELTA project SIMULATE, which aimed at specifying an 
authoring toolkit for creating intelligent simulation learning environments. This 
project ran from March 1989 until March 1991. From January 1992 he works 
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Twente at the Faculty of Educational Research and Technology. For this 
department he works for the DELTA project SMISLE, a successor of 
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Stelling en 
behorende bij het proefschrift: Understanding and facilitating discovery learning 
in computer-based simulation environments. 

Wouter R. van Joolingen, Eindhoven, 22 juni 1993 

Het omgaan met ondersteunende maatregelen in exploratieve 
leeromgevingen vormt een extra belasting voor de student, die tot gevolg 
kan hebben dat de activiteit van de student en de uiteindelijke leerprestaties 
negatief worden be"invloed. 

Hoofdstuk 6, dit proefschrih 

2 Onderwijs in exploratieve vaardigheden is essentieel voor een algemeen 
vormende voortgezette schoolopleiding. 

3 Begripsproblemen die vaak worden aangetroffen in natuurkundig 
vakdidactisch onderzoek zijn te classificeren als instantiatie-problemen, 
hetgeen impliceert dat instantiatie een niet-triviaal probleem is, en daarom 
aandacht vereist bij het antwerp van onderwijsomgevingen. 

Hoofdstuk 4, dit proefschrih 

4 Onderzoek dat er toe moet leiden dat uitvoering van wetgeving in de 
toekomst volledig of grotendeels wordt verzorgd door expertsystemen dient 
te worden gestaakt. 

5 Bij sanering van verontreinigde bodem dient rekening gehouden te worden 
met het gebruik dat van deze bodem wordt gemaakt. Dit betekent dat in 
veel gevallen er minder vergaand wordt gesaneerd dan wanneer het 
wettelijk uitgangspunt van multi-functionaliteit wordt toegepast, waarbij de 
bodem geschikt gemaakt wordt voor iedere vorm van gebruik. 

Bodemsanering: Eenheidsmaat of maatwerk? 
rapport van het Grote Stedenoverleg Milieu. 

6 Een additioneel experiment met slechts Mn polarisator bij de experimenten 
van Aspect, zou de interpretatie van Marshall et al. van deze experimenten 
kunnen ontzenuwen en zodoende definitief de klassiek realistische 
interpretatie van de quantumtheorie experimenteel kunnen weerleggen. 

A. Aspect eta/., Physical Review Letters, 47, 291 (1981) 
T. W. Marshall et a/., Physics Letters, 98A, 5 ( 1983) 

7 De oplossing van Dieks voor het meetprobleem in de quantummechanica, 
lijkt dezelfde problemen met zich mee te brengen als de many-world 
interpretatie. 

D. Dieks, Nederlands tijdschrih voor Natuurkunde, 58, 303-305 (1992) 



8 Het feit dat nog steeds geen fietsverlichting op de markt is die een redelijke 
praktijktoets kan doorstaan, toont aan dat er plaats is vooi gericht 
onderzoek aan een technische universiteit naar de relatie tussen technische 
produkten en het gebruik dat er van gemaakt wordt. 

9 In het in dit proefschrift beschreven onderzoek werden studenten geacht te 
streven naar een zo groot mogelijke generaliteit van hypothesen. Wanneer 
men de discussies in de Tweede Kamer volgt, wordt duidelijk dat dit streven 
niet algemeen zou moeten zijn. 

10 Voorrang voor kinderen van vrouwelijke werknemers bij plaatsings
mogelijkheden voor kinderopvang is discriminerend voor de vrouw, omdat 
hierbij ten onrechte wordt verondersteld dat kinderopvang primair een 
verantwoordelijkheid van de moeder is. 

11 Prestatiebeloning voor leraren leidt ertoe dat beginnende leraren meer gaan 
verdienen dan hun ervaren collega's. 




