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4L E A R N I N G S PA C E S : B R I N G I N G C O N C E P T U A L
M O D E L L I N G T O T H E C L A S S R O O M

System dynamics is a perspective and set of conceptual tools that enable us to
understand the structure and dynamics of complex systems. System dynamics is

also a rigorous modeling method that enables us to build formal computer
simulations of complex systems and use them to design more effective policies and

organizations.

— John Sterman (Sterman, 2000)

4.1 introduction

Education is considered a natural application area for Qualitative Reason-
ing (QR) formalisms (Bredeweg and Forbus, 2004; Forbus et al., 2005). The
first reason is the nature of the representation. As articulate conceptual mod-
elling languages (Section 2.4), such formalisms allow the development of
explanatory models, which are models that capture explanations of how sys-
tems behave and why (Forbus and Falkenhainer, 1990). Explanatory mod-
els are considered important instruments for learners to engage with and
learn from (Bredeweg and Winkels, 1998). Second, QR allows for conceptual
modelling in which learners construct conceptual interpretations of system’s
behaviour, which is known to facilitate learning (Elio and Sharf, 1990; Fre-
deriksen and White, 2002; Mettes and Roossink, 1981; Otero et al., 1999;
Ploetzner and Spada, 1998; Schumacher and Gentner, 1988). Third, QR mod-
elling encourages reflection, which is an important aspect of learning (Eury-
dice, 2006; Hucke and Fischer, 2003; Niedderer et al., 2003). The developed
models can be simulated, so that modellers can reflect on the implications
of the knowledge they articulated. Both conceptual modelling and reflection
are typical tasks in a learning by modelling approach (Section 2.8). However,
the state of the art of QR, e.g., such as implemented in Garp3

1 (Bredeweg
et al., 2009) (Section 3.1), is comprehensive and intricate, which complicates
its use by learners (Bredeweg et al., 2007a).

A typical strategy to teach complex material is to organise it into parts that
are manageable for learners and focus on each part individually (Wood et al.,
1976). This chapter proposes a decomposition of a comprehensive QR form-
alism into units, and a learning progression through these units that pre-
serves the beneficial properties for education, such as being articulate, con-
ceptual, and allowing for simulation. Section 4.2 describes the envisioned
target audience for using qualitative reasoning and why it is appropriate
for this group. Section 4.3 discusses why qualitative reasoning is difficult for
these learners. It focusses on the terms of the formalisms and the difficulties
introduced by tools. Based on these difficulties, Section 4.4 proposes four
principles to decompose a QR formalism into manageable meaningful sub-
sets through which learners can progress to gain expertise. Sections 4.5-4.10

describe these clusters of building and simulation representations as they
are presented to learners via the resulting tool. These clusters are referred
to as Learning Spaces (LSs) and are part of the DynaLearn2 Interactive Learn-

1http://www.Garp3.org
2http://www.DynaLearn.eu
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56 learning spaces : bringing conceptual modelling to the classroom

ing Environment (ILE) (Bredeweg et al., 2013, 2010). Section 4.11 describes
the design considerations for each of the LSs based on the proposed design
principles, focussing particularly on aspects of qualitative system dynamics.
Section 4.12 describes additional features, in addition to the LSs, that have
been added to make DynaLearn easier to use. Section 4.13 discusses the im-
plementation of the LSs by making optimal use of the existing Garp3 QR
formalism and reasoning engine. Section 4.14 summarizes the results from
evaluations of the LSs in classrooms. Particularly, it describes the use of
DynaLearn throughout the world with the envisioned target audience. Sec-
tion 4.15 discusses research that has served as inspiration and compares the
LSs to existing representations. Finally, Section 4.16 concludes this chapter.

4.2 target audience

One of the goals of decomposing a QR formalism and establishing a progres-
sion through the subsets is bringing technology-enhanced learning using
qualitative modelling and simulation into the classroom of learners at the
end of secondary school and the beginning of university (age ranging from
15-25). This target audience is considered appropriate, as those learners are
dealing with subjects such as biology and physics, in which reasoning about
dynamic systems is essential. Both in the USA (National Science Board, 2007)
and in Europe (Eurydice, 2006), having learners in secondary school work
with simulations is considered important for science education,3 but not yet
standard practice. Science teachers mention lack of adequate tools as one of
the reasons for not using interactive computer-based simulations (Zacharia,
2003). Consequently, a conceptual knowledge construction tool that sup-
ports this target audience can become a valuable asset for the envisioned
target audience.

4.3 qualitative reasoning is difficult for learners

The elaborate vocabulary of terms in QR formalisms (Section 3.3) hampers
the applicability of tools such as Garp3 for education, preventing the adop-
tion of a valuable form of technology-enhanced learning (Bredeweg et al.,
2007a). As an illustration, consider constructing a model that generates a
meaningful simulation. The learner is required to develop at least:

• Definitions for each of the entities, quantities and quantity spaces used
in the model.

• A scenario that describes the initial conditions of the system contain-
ing at least one entity, some quantities, their associated quantity spaces,
and a set of initial values specified using inequalities.

• A model fragment representing a domain theory that applies to the
scenario. This model fragment has to contain both the ingredients in
the scenario and some causal relations between the quantities. Moreover,
the terms should be correctly used as conditions and consequences in
order for the model fragment to become active during simulation.

This large set of terms problem is further complicated by the fact that these
terms stand for concepts that potentially have a different meaning in com-
mon sense (Sections 2.5.1 and 2.5.2). The meaning attributed by a learner

3Science education reforms in the USA and UK are grouped under STEM (Science, Tech-
nology, Engineering and Mathematics) efforts.
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can be inconsistent with the inferences that these terms allow, which is more
likely when (1) more terms are involved in the inference, (2) inferences re-
quire more substeps, and (3) the inferences are seemingly similar to the
inferences of other terms.

Tools, particularly graphical user interfaces, can be designed to alleviate
some of the difficulties. In fact, Garp3 supports users in multiple ways:

• Modellers might not know how terms can be related and become stuck
as a consequence (Section 2.6.2). Furthermore, modellers might de-
velop syntactically incorrect models (Section 2.5.3). Garp3 supports
modellers with these issues by highlighting buttons that represent
valid term manipulations based on the modeller’s current selection,
and preventing interactions that would result in syntactically incorrect
models by deactivating buttons (Section 3.1).

• The error-prone and time-consuming task of deriving allowed infer-
ences by hand (Sections 2.5.4) is supported by the Garp3 reasoning
engine automatically determining all valid conclusions (Section 3.5).

• Such automatically inferred conclusions might be difficult for mod-
ellers to understand and correct (Sections 2.6.3 and 2.6.4). As such,
Garp3 allows modellers to gain insight into why particular inferences
were made through a simulation tracer (Section 3.1).

However, even with such support, modellers still have to learn the large
set of terms. Worse still, the graphical tools themselves introduce new com-
plexity (Sections 2.6.1 and 2.6.2). A modelling environment interface typic-
ally has buttons and menu items for each term, and different interactions
for possible manipulations of those terms (e.g., adding, changing and de-
leting). Learners have to learn these aspects of the tool to develop models.
Moreover, learners have to acquire the expertise to understand the different
representations of simulation results, why these results are the logical con-
sequence of their model, and how to correct them if needed (Sections 2.6.3
and 2.6.4).

An important insight is that each of these difficulties is largely determined
by the formalism itself. That is, the number of buttons and tool manipula-
tions depends on the number of terms in the formalism. The same is true
for the simulation results. For example, the dependency diagram (e.g., Fig-
ure 13) is simpler when less terms are distinguished, and the equation his-
tory (e.g., Figure 12) is superfluous if the formalism lacks inequalities and
calculi. A more light-weight formalism also reduces the amount of term
interactions in the reasoning, which makes simulation results easier to un-
derstand and correct.

In summary, modellers have difficulties in learning the QR formalisms
and tool interactions, and understanding and correcting the simulation res-
ults. Particularly the terms in QR formalisms are thought to be difficult for
students, which prevents tools such as Garp3 from being effectively applied
in education.

4.4 approach : how to address difficulties in qr?

The approach taken in this thesis to address the comprehensive nature of
a QR formalism is to decompose its full collection of terms into smaller
sets. These sets are organised in a progression, ranging from a minimal rep-
resentation to the complete formalism. A series of interactive work spaces,
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called Learning Spaces (LSs) allows modelling and simulation with each of
these formalism subsets. The formalism terms play an important role in the
design of the LSs, as they largely determine the complexity of the tool (Sec-
tion 4.3). Consequently, gradually introducing these terms will also gradu-
ally familiarize learners to the intricateness of the tool.

The LSs may seem to implement a curriculum, however, they do not. The
LSs should primarily be considered a form of modelling support through
tools. Curriculum planning (Salles et al., 2003; Winkels, 1992) requires the
desired learning outcomes to be made explicit and learning activities to be
aligned with those goals (e.g., using constructive alignment (Biggs and Tang,
2007)). Moreover, such a design should take into account how material is
ordered within a single LS (e.g., the order of learning the formalism terms
within each LS), and should include planning of material besides the LSs
(e.g., learning routes through domain knowledge). The LSs do constrain
possible curriculum plans, as it forces a particular order in which the sets of
formalism terms should be addressed.

The goal of the LSs is to ameliorate the difficulties that learners have
when learning modelling and simulation using the Garp3 QR formalism
(Section 4.3), while preserving the beneficial properties for education (Sec-
tion 4.1). To accomplish this, we propose the following principles for the
design and organisation of the LSs:

1. Allow simulation. The use of simulation models is considered essential
for science education (Eurydice, 2006; National Science Board, 2007).
One reason is that running simulations encourages reflection, which
is important for education (Eurydice, 2006; Hucke and Fischer, 2003;
Niedderer et al., 2003). QR modelling and simulation encourages re-
flection by showing learners the implications of the knowledge they
articulated. Simulations can either confirm learners expectations, or be
at odds with them. In the latter case, reflecting on the results should
inspire learners to either adapt their expectations, or reconsider the
ideas captured in their models. For these reasons, it is important to
preserve the ability to run simulations in the LSs.

2. Introduce a feature of qualitative system dynamics.4 QR formalisms, such
as the Garp3 QR formalism, can be considered articulate conceptual
modelling languages (Bredeweg and Winkels, 1998; Forbus et al., 1999).
That is, these formalisms make sufficient distinctions in their terms to
to capture and explain aspects of phenomena. This allows explanat-
ory models to be constructed, which is important for education (Sec-
tion 2.4), and is therefore desirable to preserve in the LSs. Since the
LSs gradually introduce the formalism terms (principle #3), it is im-
portant that each addition of terms increases articulateness. This can
be accomplished by introducing sets of terms that implement partic-
ular features of qualitative system dynamics (Sections 3.2 and 4.11),
such as the distinction between structure and behaviour, or new forms
of causality. Such a progression allows learners to deepen their un-
derstanding of a system throughout the LSs, as each LS allows new
properties of systems to be represented and reasoned about in simula-
tions. In the final LS, the learner should be able to develop conceptual
models using the full expressive power of the QR formalism.

3. Self-contained minimal set of terms. The QR formalism terms constitute
a conceptual vocabulary that allows system behaviour to be explained.

4Section 4.15 shows why QR should be considered a form of system dynamics.
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The LSs should make acquiring this vocabulary as simple as is pos-
sible. Consequently, the set of terms that each LS introduces (and con-
sequently the required tool manipulations) should be minimal, while
remaining self-contained. Being self-contained has two requirements.
First, the dependencies between formalism terms with regards to their
input and output should be met, so that simulation is possible (prin-
ciple #1), and each ingredient plays a role in the reasoning. For ex-
ample, the introduction of causal relations requires the distinction
between entities and quantities. Second, each set of terms should in-
troduce a complete feature of qualitative system dynamics (principle
#2). For example, the introduction of the representation of processes
should be accompanied with inequalities so that the relative speeds of
processes can be represented. As a consequence of being self-contained,
each LS can function as an independent tool.

4. Preserve consistency in learning. Each LS should allow learners to im-
prove their ability towards using the full QR formalism. Therefore, the
meaning of the terms in advanced LSs should preferably not contra-
dict the meaning of formalism terms on earlier LSs. This principle
is similar to the causal consistency rule (White and Frederiksen, 1990),
which can be considered an application of the preserve consistency
in learning principle to causality concepts. The principle implies that
the meaning of the terms should be augmented or refined throughout
the LSs (and not contradicted). Augmentation means that additional
meaning is added to a term, while refinement means that the term is
replaced by another term with a more specialised meaning. To illus-
trate this principle, consider the following example. In LS1, all aspects
of a system are represented using concepts and relations (e.g., Fig-
ure 17). These terms are refined in later LSs. For example, the concept
term is refined into terms such as entity, agent, quantity, and attribute.
If on LS1, the term entity would be used instead of the term concept,
learners would have to unlearn using entities to represent quantities,
agents and attributes on higher LSs. The preserve consistency in learn-
ing principle prevents such conflicts in the meaning of terms to occur
throughout the LSs.5

The design principles are meant to overcome the intricate difficulties that
prevent QR modelling and simulation to be used in secondary education
(Section 4.3). First, by gradually introducing terms (principle #3) and run-
ning simulations with subsets of the full formalism (principle #1), learners
are only confronted with the inferences of those particular terms. Therefore,
learners have less inferences to learn at any one point and cannot confuse
them with inferences of terms introduced later. This makes it less likely
that learners attribute a meaning to terms that is inconsistent with the infer-
ences that they allow (Section 2.5.1). Second, as another consequence of the

5Another illustrative example of the necessity of this principle occurred in the DynaLearn
project. Partners requested the ability to model loops of causal relations to represent feedback
mechanisms in LS2 and LS3. These causal relations have the semantics of proportionalities
(Section 3.3.3), and normally loops of proportionalities should be avoided as it prevents deriv-
atives values from being derived (Section 5.6.2). A partial solution was implemented to infer
derivatives using reductio ad absurdum reasoning. However, we eventually chose not to incor-
porate this solution in the LSs for several reasons. First, it would cause the meaning of causal
relations on LS2 and LS3 to conflict with the meaning of proportionalities in LS4 and beyond.
Second, it would encourage learners to model feedback mechanisms using proportionalities,
while these should be modelled using an influence and proportionalities (Section 5.6.3). The
preserve consistency in learning principle prevents such contradictions in meaning.
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step-wise introduction of terms (principle #3), each LS focusses on particu-
lar aspects of a system that should be modelled. When learning conceptual
modelling, learners typically go through a set of assignments in each LS.
Consequently, learners learn to use the newly introduced terms for their
intended purpose, and are more likely to use them correctly afterwards
(Section 2.5.2). Third, the possible interactions in the tool are tailored to
each formalism subset in order to allow modelling and simulation. This
makes it easier to learn the interactions in the tool (Section 2.6.1), as new
manipulations are gradually introduced and only the necessary manipula-
tions are available. Furthermore, each LS only requires on a limited set of
term combinations to be learned. As a result, it is more likely that modellers
know how terms can be combined at higher learning spaces (Section 2.6.2).
Fourth, aspects of the reasoning are gradually introduced throughout the
LSs, which results in fewer parts of the reasoning interacting on the earlier
learning spaces. Consequently, it is easier to understand and learn to correct
the simulation results (Sections 2.6.3 and 2.6.4).

The following Sections (4.5 through 4.10) describe the building and sim-
ulation representations of each of the LSs as they are presented to learners
in DynaLearn. Videos of models being built in each of the LSs are avail-
able online.6 The design decisions for the LSs that result from applying the
proposed principles are described in Section 4.11.

4.5 learning space 1 : concept map

LS1 introduces conceptual modelling, and is designed to be as simple as
possible. As such, it consists of only two ingredients, concepts and rela-
tions, which are visualised as nodes and arcs. The resulting representation
is a graph and almost equivalent to the well-known concept map diagrams
((Novak and Gowin, 1984), Section 4.15). Concept maps are a relatively un-
constrained form of representation due to being composed using only two
abstract terms. This abstractness allows these terms to be used to repres-
ent many types of referents. Consequently, they can be used to represent
both generic and specific referents. The meaning of the terms is not inher-
ent in the formalism as no inferences are defined for them. Consequently,
the meaning attributed to a concept map is wholly determined by the inter-
pretation of the person building or analysing the representation.

Tap

Water flow

Round

Coffee mug Water

Width PressureHeightAmount

Has

Has shape

Contains

Has Has Has Has

Is underneath

Handle

Part of

Container

Is a

Increases Decreases Increases Increases

Liquid

Is a

Figure 17: LS1 build representation of a contained liquid. Each circle represents a
concept. Each arrow represents a relationship between the concepts.

6http://www.DynaLearn.eu/education/

http://www.DynaLearn.eu/education/
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4.5.1 LS1 - Build mode representation

A LS1 build representation, or concept map, consists of concepts and rela-
tions. An example is shown in Figure 17. A concept can be used to represent
particular objects (e.g., coffee cup), organisms (e.g., plant), their properties
(e.g., height), or generic concepts (e.g., liquids in general).7 Relations are used
to links different concepts. Relations can represent spatial relations (coffee
cup is underneath−→ tap), mereological relations (handle part of

−→ coffee mug), onto-
logical relations (water is a−→ liquid), and causal relations (water flow increases−→
amount). Moreover, relations can be used to relate properties to objects (wa-
ter has−→ height).

4.5.2 LS1 - Simulate mode representation

Simulations are not possible in LS1, as there are no inferences defined for the
terms (concepts and relations). As such, LS1 does not introduce simulation
representations.

4.6 learning space 2 : global causal model

LS2 introduces a distinction between structure and behaviour, the notion of
quantities and their trends, and changes propagating through the system.
Simulation in LS2 allows the direction of change of quantities to be derived.
The simulation results for particular quantities can be either known, un-
known, ambiguous or inconsistent.

4.6.1 LS2 - Build mode representation

An important distinction introduced in the LS2 is between structure and be-
haviour. That is, particular aspects of the system are considered to remain
rigid within the simulation (structure), and some aspects can change (beha-
viour) as a result of causal relations. To represent structure, LS2 introduces
entities, configurations and attributes. An example LS2 build representation
is shown in Figure 18.

Entities represent those elements of the system that remain rigid dur-
ing simulation. Container and liquid are examples of entities (Container�

and Liquid�). Configurations are used to describe how entities within the
system are related. A configuration is used to indicate that the container
contains the liquid (Container� contains−→ Liquid�). Attributes represent those
features of entities that do not change during simulation (in contrast with
quantities, see below). For example, the shape of the container is round
(Container�( Shape = Round).

To represent behavioural aspects of a system, and particularly causal-
ity, LS2 introduces quantities, quantity derivatives, value assignments and
causal relations. Quantities represent those features of entities that can change
their derivative value during simulation. The container has a diameter and
reaction force, which is the opposing force that counteracts the pressure
(Container� : Diameterq,Reaction forceq). The liquid has a width, amount
and pressure (Liquid� : [Widthq,Amountq,Pressureq]). Quantity deriv-
atives are introduced to represent the possible trends of quantities (e.g.,

7The concept in a concept map can be considered an externalized representation of a
concept in the human mind.
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Liquid

Container

Contains

Reaction force
Diameter !

Width

Height Amount !

Pressure

Shape
Round

Figure 18: LS2 representation of a contained liquid. The representation is explained
in the text. Note that the exclamation mark indicates exogenous quantity
behaviour, which will be further explained in Sections 4.10 and 4.13.

δPressureq). These derivatives have a predefined quantity space, which in-
dicates that the quantity can decrease, be steady, or increase ({H, 0,N}). Value
assignments are introduced to indicate that the derivative of a quantity has a
particular value. The amount is set to be steady, and the diameter is increas-
ing (δAmountq w 0, δDiameterq w N).

Causal relations represents how changes propagate between quantities. They
are directed relationships that can be either positive (Liquid� : Amountq +→
Liquid� : Heightq) or negative (Liquid� : Widthq −→Liquid� : Heightq).
In the case of a positive causal relation, Amountq will affect Heightq if
δAmountq 6= 0. Specifically, if δAmountq > 0, δHeightq w N, but if
δAmountq < 0, δHeightq w H. For a negative causal relation, the effects
are reversed. If δAmountq w 0, δHeightq is unaffected by Amountq. Thus,
the effect of a single causal relation depends on the derivative value of the
source quantity and the type of causal relation.

In the example model, diameter positively propagates its change to width
(Diameterq +→Widthq). The same is true for the quantities amount and
height (Amountq +→Heightq), height and pressure (Heightq +→Pressureq),
and pressure and reaction force (Pressureq +→Reaction forceq). Changes in
width, however, propagate negatively to height (Widthq −→Heightq).

4.6.2 LS2 - Simulate mode representation

LS2 build representations can be simulated by switching from build mode
to simulate mode. The representation of the simulation results augments the
build representation (Figure 19). In the simulation representation, most of
the ingredients from build mode reoccur. The exception are the value as-
signments that were set in the LS2 build representation, which are replaced
by assigned values (coloured grey instead of blue). Derived values are a new
type of term and represent the values of quantity derivatives predicted by
the reasoning engine by propagating the effects of the assigned values over
causal relations. The resulting simulation shows the direction of change for
each of the quantities.

For a particular quantity, there are four possible simulation outcomes:
known, ambiguous, unknown, and inconsistent. Each of these outcomes can
occur together in a single simulation (although the derived values are not
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Liquid

Container

Contains

Reaction force
Diameter !

Width

Height Amount !

Pressure
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Round

Figure 19: The simulation of the LS2 build representation in Figure 18. The assigned
values are shown in grey. The derived values are shown as shiny blue val-
ues. The quantity derivatives are all known, as each of them has a single
derived (or assigned) value.

visualised in case of inconsistency). A quantity is considered known, when
there is a single derived (or assigned) value for the quantity derivative. For
example, given the representation shown in Figure 18, each of the quantity
derivatives can be uniquely derived (Figure 19).

Values can also be unknown, which means the quantity derivative has
neither an assigned value nor a derived value. For example, if the value
assignment δDiameterq w N is removed from the representation, no value
can be derived for this quantity (Figure 20).

A derivative value is ambiguous when there are multiple derived values
for the quantity derivative. An ambiguous result means each of the derived
values is a possible outcome for the quantity derivative. For example, if
the learner changes the value assignment δAmountq w 0 (Figure 18) to
δAmountq w N, the quantities height, pressure and reaction force will have
ambiguous values (Figure 20). Note that an ambiguous outcome is differ-
ent from an unknown value for a quantity derivative. In case of ambiguity,
the reasoning engine derives that each of the values is a possible outcome.
By contrast, in the case of an unknown value, the reasoning engine cannot
derive any outcome.

Finally, the value of a quantity can be in inconsistent, which means the
reasoning engine determines that at least one quantity should have differ-
ent values at the same time. For example, if the learner assigns the value
δReaction forceq w N to the original LS2 build representation (Figure 18),
the simulation becomes inconsistent (Figure 21), as the reaction force should
be both increasing (due to the value assignment) and decreasing (due to the
propagation of causality). Inconsistency is shown by a large red-coloured
question mark.
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Liquid

Container

Contains

Reaction force
Diameter
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Height Amount !

Pressure
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Round

Figure 20: The simulation of the LS2 build representation in Figure 18 with
δDiameterq w N removed, and δWidthq and δAmountq set to N.
The results are ambiguous for the quantities Heightq, Pressureq, and
Reaction forceq, which is shown by multiple derived values on the
quantities, and unknown for δDiameterq, which is shown by the absence
of a value.
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Round

Figure 21: The simulation of the LS2 build representation in Figure 18 with the modi-
fication δReaction forceq w N. The result is inconsistent, which is shown
through a large red question mark.

4.7 learning space 3 : causal model with state graph

LS3 introduces the conceptual representation of system behaviour in the
form of a multi-state simulation. This representation shows how qualitat-
ively distinct states can occur and transition into each other. The simulation
is an attainable envisionment, which means that it shows how the system
evolves from the initial situation described in the LS3 build representation.
To allow this kind of simulation, quantity magnitudes and their qualitat-
ively unique values are introduced. Particularly, landmarks are introduced
that identify threshold values of quantities at which a system changes beha-
viour. The different states are differentiated by the particular values that the
quantity magnitudes and derivatives have in those states.
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4.7.1 LS3 - Build mode representation

The representation in LS3 augments the terms introduced in LS2. An ex-
ample LS3 build representation in Figure 22. Quantities (e.g., Heightq) can
have a magnitude value representing its current value (e.g., Heightqv ). As
in LS2, quantities have a derivative (e.g., δHeightq), of which the value
(δHeightqv ) denotes the current trend of the quantity. While derivative quant-
ity spaces are predefined (as in LS2), magnitude quantity spaces need to be
defined. Such a quantity space specifies the range of qualitative values that
the magnitude of a quantity can have. A quantity space consists of a linear
order of point and interval values (e.g., Heightqv ∈ {Zerop,Partially full,
Fullp,Overflow} in Figure 22). The points in the quantity space are called
landmarks, and represent the transitions between two intervals in which
the system is considered to exhibit conceptually distinct behaviours (e.g.,
the points Fullp and Breakingp). The combination of the current mag-
nitude and derivative values of a quantity is called its quantity value (e.g.,
Height[Zerop,N]).

Container

Liquid

Contains

Amount !Height

Zlaho
Overflow
Full
Partially full
Zero

Pressure

Width

Diameter !
Reaction force

Zpbb
Broken
Breaking
Positive
Zero

Shape
Round

Figure 22: LS3 build representation of a contained liquid. Most of the rep-
resentation is identical to the LS2 representation. The liquid height
and container reaction force now have magnitudes with associated
quantity spaces. The quantity space of liquid height indicates that
the container can be empty, partially filled, full or overflowing
(Heightq ∈ {0,Partially full, Full,Overflow}). The reaction force can
either be non-existent, have some positive value, reach the point in
which the container breaks, or can be broken (Reaction forceq ∈
{0,Positive,Breaking,Broken}. To indicate that if the container is
empty, there is no reaction force, a value correspondence is used
(Heightq(Zerop) V→Reaction forceq(Zero)).

By default, a quantity in LS3 has only a derivative (as in LS2). A quantity
space can be added to a quantity so that the magnitude can be considered.
Therefore, a LS3 model typically has several quantities with only a derivat-
ive, while others have both a magnitude and a derivative.

LS3 also introduces three types of correspondences, which specify that qual-
itative values of different quantities always co-occur within the system. Value
Correspondences are relations between single qualitative values, and can be
either directed (Heightq(0p) V→Reaction forceq(0p), as in Figure 22) or
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bidirectional (Heightq(0p) V↔Reaction forceq(0p)). For the directed corres-
pondence, the simulator derives Reaction forceqv w Reaction forceq(0p)
when Heightqv w Heightq(0p). For the bidirectional correspondence, the in-
ference works in both directions. The correspondence in the example model
indicates that if there is no pressure on the bottom of the container, there is
no opposing reaction force.

Quantity Space Correspondences relate two quantity spaces and are equival-
ent to a set of value correspondences between each of the possible values
of the quantities (e.g., Heightq Q→Pressureq)8. Inverse Quantity Space Corres-
pondences (e.g., Vegetationq Q

�

→Eroded soilq) are reversed quantity space
correspondences indicating that the first value of the first quantity space
corresponds to the last value of the second quantity space; the second value
corresponds to the penultimate value, etc. Both types of quantity space cor-
respondences can be either directional or bidirectional.

4.7.2 LS3 - Simulate mode representation

Simulations results in LS3 are more elaborate than in LS2. LS2 simulations
only show the direction of change of each of the quantities. In LS3, quant-
ities can change value, which results in different states. Consequently, the
main LS3 representation is a state graph (Figure 23). Each state represents a
conceptually distinct behaviour of the system as identified by a unique set
of quantity values. The value history diagram shows the quantity values for
a particular set of states (Figures 24, 25 and 26). Each transition between
states represents a change of one or more quantity values and is shown in
the transition history (Figure 27).

1 2 3

4

5 6

7

8

9

10

Figure 23: The state graph resulting from simulating the LS3 build representation in
Figure 22. Each black numbered circle represents a state. Each number is a
unique identifier for the state and is determined by the order in which the
states were derived. The numbers do not imply an order in the transitions
of states. The transitions between the states are indicated using the black
arrows. The folder symbol represents the LS3 representation, which has a
single interpretation (grey arrow) that results in state 1.

Consider the state graph in Figure 23. The state that results from the LS3

build representation is called the initial state (state 1). States that have no
further transitions are called end states (state 8). A path from an initial state
to an end state is called a behaviour path. In the state graph (Figure 23) there
are three behaviour paths: {1,2,4,7,9,8} (Figure 24), {1,2,3,8} (Figure 25), and
{1,2,5,6,10,8} (Figure 26).

In the transition from state 1 to state 2 (Figure 27), both the liquid height
and container reaction force change to a value above zero. According to the
epsilon-ordering rule (de Kleer and Brown, 1984), these transitions have to
occur simultaneously as both quantities change from a point to an interval.
There are three possible transitions from state 2 (to states 3, 4, and 5). As

8This correspondence is shown in the LS4 example build representation (Figure 28).
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Container: Diameter

1 2 4 7 9 8

Liquid: Width

1 2 4 7 9 8

Liquid: Amount

1 2 4 7 9 8

Liquid: Height

Zero

Partially full

Full

Overflow

1 2 4 7 9 8

Liquid: Pressure

1 2 4 7 9 8

Container: Reaction force

Zero

Positive

Breaking

Broken
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Figure 24: Value history for the behaviour path {1,2,4,7,9,8} in the state graph shown
in Figure 23. Each grey area shows how a quantity changes throughout
the state graph. The name of the quantity, and the entity it is associated
to, is shown above each grey area. On the x-axis, the states are shown.
On the y-axis the possible magnitude values of the quantity are shown.
A black vertical line indicates that the magnitude value is a point. Each
circle indicates the current magnitude value for the quantity in that par-
ticular state. The symbol inside the circle represents the derivative, and
indicates whether the quantity is increasing, decreasing or stable.9
9 The simulation results shown in Figures 24, 25 and 26 are correct only in specific
interpretations of the system. In Figure 24, the value overflow represents the area
in which the liquid bulges above the rim of the container as a result of surface
tension. This allows the height of the liquid to increase above the value full. In Fig-
ures 25 and 26, the liquid height is increasing even though the container is broken.
This is only possible if the inflow of liquid into the container is larger than the out-
flow from the breach produced by the container breaking. Modelling these notions
explicitly requires the causal differentiation from LS4 to represent the flows, and
inequalities to show their relative speeds (also from LS4). Moreover, conditional
knowledge from LS5 is needed to show how the behaviour of the system changes
when the landmarks are reached.
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such there is ambiguity in the possible outcome. Either the liquid fills the con-
tainer completely (reaching the value Fullp in state 4), or the reaction force
becomes so large that the container breaks (reaching the value Breakingp

in state 5), or both occur at the same time (in state 3). The behaviour paths
are evolutions based on this initial branching, and end in state 8.

Liquid: Height

Zero

Partially full

Full

Overflow

1 2 3 8

Container: Reaction force

Zero

Positive

Breaking

Broken

1 2 3 8

Figure 25: Value history for the behaviour path {1,2,3,8} in the state graph shown
in Figure 23. The values for the other quantities are identical to those in
Figure 24.

Liquid: Height

Zero

Partially full

Full

Overflow

1 2 5 6 10 8

Container: Reaction force

Zero

Positive

Breaking

Broken

1 2 5 6 10 8

Figure 26: Value history for the behaviour path {1,2,5,6,10,8} in the state graph shown
in Figure 23. The values for the other quantities are identical to those in
Figure 24.

1→ 2 :

to_interval_above(Liquid : Height)

to_interval_above(Container : Reaction force)
2→ 4 :

to_point_above(Liquid : Height)

4→ 7 :

to_point_above(Liquid : Height)

7→ 9 :

to_point_above(Container : Reaction force)
9→ 8 :

to_interval_above(Container : Reaction force)

Figure 27: Transition history for the behaviour path {1,2,4,7,9,8} in the state graph
shown in Figure 23. The numbers separated by arrows represent trans-
itions between states. The indented lines represent the terminations that
are active in a particular transition.

The notions of known, unknown, ambiguity, and inconsistency still ap-
ply in LS3. The values shown in the value histories are all known, as they
show both a magnitude and derivative value for each quantity. Values with
a known magnitude but unknown derivative are shown as white circles
(without the derivative inside), and values with an unknown magnitude are
indicated by circles being absent (not shown in the Figures).

The form of ambiguity caused by different possible transitions was already
shown above. This ambiguity is the result of differences in magnitude val-
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ues. Ambiguity in derivatives (as in LS2 in Figure 20) is also still possible.
Instead of having multiple assigned values on derivatives as was shown in
LS2, such ambiguity now results in multiple transitions to different states
(analogous to magnitude ambiguity).

For inconsistency, consider the following two examples. Adding the value
assignment Reaction forceqv w Reaction forceq(Positive) to the LS3 build
representation in Figure 22 results in an inconsistency, because Heightqv w
Heightq(0) and Heightq(0) V→Reaction forceq(0) implies that the reaction
force must be 0. Such inconsistencies within the LS3 build representation
manifest themselves by no state graph being generated.

The following example results in an inconsistency later in the simulation.
Adding the value correspondence Reaction forceq(Breaking) V→Heightq(0),
results in an inconsistency when the reaction force reaches the breaking
point. In such a state, the height must be zero according to the value cor-
respondence. However, as the height quantity has been increasing since the
first state, it must already be above zero before the reaction force reaches
the breaking point. Inconsistencies that occur later in the simulation result
in states not being generated. In this particular case, the reaction force will
never reach the breaking point. Consequently, the state graph will have a
dead end in which the reaction force should be able to change to its next
value in its quantity space, but does not.

4.8 learning space 4 : causal differentiation

LS4 distinguishes between two types of causality. First, the causes of change
within a system as a result of processes or actions. Second, the propagation
of change within a system. This distinction in causality allows the modelling
of feedback loops, which are important to explain the behaviour of systems.
LS4 also allows the representation of the respective strengths of causal ef-
fects, which can be used to indicate that a particular process dominates an-
other. With respect to the causes of change, LS4 also allows the specification
of whether such effects are exogenous or endogenous to the system.

4.8.1 LS4 - Build mode representation

The LS4 representation builds upon the representation of LS3. However, in
contrast with LS3, quantities in LS4 always have a magnitude quantity space
associated to them (Figure 28).

The causal relations used in LS2 and LS3 are refined into two types: in-
fluences and proportionalities. In terms of inferences, the proportionalities,
or indirect influences, are equivalent to the causal relations introduced in
LS2 (e.g., Amountq +→Heightq in LS2 becomes Amountq P+→ Heightq in
LS4). That is, they propagate changes within the system. Influences, or direct
influences, on the other hand, represent the cause of change, such as a pro-
cess or action. Influences can be either positive (Tap♦ : Flowq I+→ Liquid� :

Amountq)10 or negative (Outlet� : Flowq I−→ Liquid� : Amountq). For a
positive influence, Flowq will affect Amountq if Flowqv 6= 0. Specifically, if
Flow

q
v > 0, δAmount

q
v = N, but if Flowqv < 0, δAmount

q
v = H. For a negat-

ive influence, the effects are reversed. If Flowqv = 0, Amountq is unaffected
by Flowq. When multiple influences affect the same quantity, the net effect

10Notice that entities are used in the notation in order to differentiate between quantities
with the same name. In this case, there is a Tap♦ : Flowq and an Outlet� : Flowq.
Entities are left out of the notation for brevity if such differentiation is not necessary.
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Figure 28: LS4 build representation of a contained liquid. New in the representa-
tion compared to LS3 are influences and proportionalities, which are ex-
plained in the text.

is determined by an equation balance (Bredeweg et al., 2009) that takes into
consideration the magnitudes of the quantities positively influencing the
quantity and those that negatively influence the quantity (Section 3.5.1).

As a consequence of the differentiation between different forms of causal-
ity, it becomes possible to model feedback loops. Feedback loops are essential
in explaining the behaviour of systems. Positive feedback loops, or reinfor-
cing loops, amplify the change caused by the initial quantity. For example,
natality and population size form a positive feedback loop (Natalityq I+→
Sizeq and Sizeq P+→ Natalityq). Natality increases the size of the popula-
tion, which in turn results in a higher number of individuals being born per
unit of time. Negative feedback loops, or balancing loops, controls change.
For example, mortality and population size form a negative feedback loop
(Mortalityq I−→ Sizeq and Sizeq P+→Mortalityq). Mortality decreases the
size of the population, which in turn results in less individuals dying per
unit of time. Feedback loops can be categorized into direct (or simple) feed-
back loops and indirect (or delayed) feedback loops (Salles et al., 2009,
2012c). Direct feedback loops consist of a quantity influencing another quant-
ity and the change directly propagating back to the source quantity (such as
in the examples above). In indirect feedback loops, the change propagates to
other quantities before affecting the source quantity (e.g., Flowq I−→Amountq
P+→ Heightq P+→ Pressureq P+→ Flowq).

In order to reduce ambiguity in the simulation results, it is possible to
set a simulation preference (Bredeweg and Linnebank, 2012) in LS4 that
presumes that the functions underlying proportionalities are comparable.
Consequently, it becomes possible to indicate that the change propagating
from one quantity is larger than the change from the other quantity, which
reduces the amount of states in the state graph. Determining the net ef-
fect of multiple proportionalities on a single quantity becomes analogous
to determining the net effect of multiple influences using the equation bal-
ance (Section 3.5.1), although the sum of the derivative values should be
compared instead of the sum of the magnitudes. The meaning of propor-
tionalities with this simulation preference active can be considered a refine-
ment of the proportionalities in LS2-3. Note however, that this preference
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implements an assumption regarding the underlying functions which is not
always valid.

(In)equalities (<,6,=,>,>) and calculi (+ and -) can be used to create math-
ematical expressions specifying ordinal relations. For example, Tap♦ : Flowqv
> Outlet� : Flowqv and Natality

q
v + Immigrationqv > Mortality

q
v +

Immigration
q
v . Inequalities and calculi can relate magnitudes, derivatives,

values and other calculi.
The notion of entities is refined into entities and agents. Agents represent

exogenous influences on the system (e.g., Tap♦), while entities represent
endogenous ones.11 Consequently, agents are considered part of the envir-
onment of the system, but not part of the system itself. Agents can be used
to represent summarized processes, such as the day and night cycle, for
which the mechanism is not explicitly modelled. Agents can also be used to
represent actors that affect a system (e.g., Hunter♦).

Assumptions are introduced in LS4 to show that particular ingredients are
considered to be true. Assumptions can stand alone, but can also be attached
to entities or agents. For example, the fact that the tap flow remains stable
can be considered an assumption (e.g., Tap♦( Steady tap flowF).

4.8.2 LS4 - Simulate mode representation

In LS4, the notion of a qualitatively distinct state is slightly refined. Each
state is defined by a unique set of quantity values as in LS3, but also by
inequalities. That is, two states can have the same qualitative values (e.g.,
Tap♦ : Flowqv w Tap♦ : Flowq(Plus) and Outlet� : Flowqv w Outlet� :

Flowq(Plus)), but are different because in one state the flows are equal
(Tap� : Flowq = Outlet� : Flowqv ) and in the other they are unequal
(Tap� : Flowqv > Outlet

� : Flowqv ).
As a result of introducing inequalities, the notion of inconsistency is

slightly refined. In LS2-3, inconsistency is caused by a quantity having mul-
tiple values simultaneously. In LS4, values should be considered inequalities
(e.g., assuming Pressureqv ∈ {0p,Plus,Maxp}, Pressureqv w Pressureq(Plus)
is equivalent to Pressureqv < Pressureq(Maxp) and Pressureqv > 0p). Con-
sequently, inconsistencies can be caused by conflicting inequalities. For ex-
ample, an inequality indicating that a quantity has a value outside its quant-
ity space (Amountqv > Amountq(Maxp)) conflicts with one of the auto-
matically asserted inequalities that states that quantity magnitudes should
have values within their quantity spaces (Amountqv 6 Amountq(Maxp)).

The simulation representations in LS4 remain the same as in LS3 (Fig-
ures 29 and 30), except that an equation history is added to show the
changes in inequalities over time (Figure 31).

1

2

3

4

Figure 29: The state graph resulting from simulating the LS4 representation in Fig-
ure 28.

11As noted in Chapter 3, the term agent in the Garp3 QR formalism is used differently than
normal in an artificial intelligence context. There, an agent is typically represents an entity with
beliefs that performs actions to accomplish its goals. The meaning in the Garp3 QR formalism
is different.
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Figure 30: Value history for the state graph shown in Figure 29. The small sym-
bol which sometimes occurs on the right of a circle indicates the current
second order derivative of the quantity (it is only shown if it is known).

Flow (Tap) ? Flow (Outlet) 
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Figure 31: Equation history for the state graph shown in Figure 29. The equation
history shows how inequalities between quantities change throughout the
state graph. In the top line the inequality is identified by naming the two
quantities and the entities they are associated to. The ? represents the
inequality. Below the name, each state is identified by its number and the
inequality present in that state is shown.

4.9 learning space 5 : conditional knowledge

LS5 introduces the notion of conditional knowledge. As such, LS5 allows the
representation of processes becoming active (or actions being taken) under
certain conditions.

4.9.1 LS5 - Build mode representation

The models developed in LS1 to LS4 always consist of a single build repres-
entation. Models in LS5 consists of multiple build representations. The build
representation as it appears in LS1-4 is called an expression fragment. In LS5,
the expression fragment represents the set of model ingredients that is al-
ways applicable during simulation (Figure 32).12 The expression fragment
can be considered the core of the model. In contrast to LS4, specifying initial
values is not permitted in the expression fragment. Instead, the initial values
values are represented in the initial values scenario, which imports the expres-
sion fragment (Figure 33). The initial values scenario specifies a particular
initial state and can also include other ingredients, such as assumptions.

Conditional knowledge is represented in conditional fragments. Each condi-
tional fragment imports the expression fragment (Figure 34). Terms can be

12Note that in LS1-4, the ingredients are also considered to be always applicable. However,
value assignments and inequalities are exceptions in those LSs, as they represent the initial
values from which the simulation is started.
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Figure 32: LS5 expression fragment of a contained liquid.
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Figure 33: Initial values scenario in LS5. The symbol named ’Expression fragment’
represents an imported representation. Ingredients that are imported are
coloured black.

used in conditional fragments as either conditions or consequences, which
allows the conditions under which particular model ingredients are true to
be represented. Consequently, conditional fragments can be read as a rule.
The conditional fragment in Figure 34 shows that the overflow process is
active when the liquid height in the container has the maximum value and
the overflow rate is above zero. In formal notation, the⇒ symbol separates
the conditions from the consequences, CF indicates conditional fragment
and EF indicates expression fragment. In this notation the Overflow active
conditional fragment becomes:

Overflow activeCF(Container, Tap) :

Expression fragmentEF(Container, Tap)

Height
q
v w Height

q(Maximum)

Overflow
q
v w Overflow

q(Plus)⇒
Container� : Overflowq I−→

Container� : Amountq

Container� : Amountq P+→
Container� : Flowq

Two other conditional fragments are required to make the simulation in
the example model run correctly. The No overflow conditional fragment indic-
ates that the overflow is zero and stable when the height is below the max-
imum value. The Overflow becoming active conditional fragment is required
for a transition from having no overflow to overflow when the maximum
height of the container is reached. This conditional fragment introduces the
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Figure 34: The conditional fragment Overflow active in the contained liquid model on
LS5. The ingredients imported from the expression fragment are coloured
black. The conditional ingredients are coloured red. The consequential
ingredients are coloured blue.

same causal relations as in the Overflow active conditional fragment when
the height is maximum and the overflow is zero.13

4.9.2 LS5 - Simulate mode representation

The simulation representations used in LS4, such as the state graph (Fig-
ure 35) and value history (Figure 36), are still available in LS5. Due to the
introduction of conditional knowledge, the ingredients present in different
states can differ. To make these differences insightful two new simulation
representations are introduced. The fragments that are active in particular
states are shown in the active conditional fragment list (Figure 37). The depend-
encies diagram shows the details for a particular state (Figure 38).

1 2 3 4 5

Figure 35: The state graph resulting from simulating the LS5 representations with
the initial values specified in Figure 33.
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Figure 36: Value history for the state graph shown in Figure 35.

13As a result of the conditional value assignments on the values of overflow in the condi-
tional fragments, there is no need to specify an initial value for overflow in the initial values
scenario. The reasoning engine will assume consistent conditional value assignments during
simulation. Consult Section 3.5 for more details.
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Expression fragmentEF(Tap,Container)
Overflow activeCF(Tap,Container)

Figure 37: Active fragments in state 4 of the state graph shown in Figure 35. The part
before the brackets on each line indicates the name of the active fragment.
The part in brackets indicates the entities in those fragments.
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Figure 38: Dependencies view of state 4 of the state graph shown in Figure 35. The
squares represent entities, which are connected via configurations. The
rounded squares in each entity represent their associated quantities. The
red coloured values in the quantity spaces represent the current values of
the quantities, and the symbols next to these value indicate their current
derivative values. The = symbol on the value maximum of Height indic-
ates this value is assigned through an inequality. The I and P relations rep-
resent influences and proportionalities. The Q relation indicates a quantity
space correspondence. Note that this diagram has been visualised differ-
ently than the related diagrams in build mode (e.g., Figures 32 and 34) in
order to make clear that the modeller is currently in simulate mode and
looking at simulation results. For further information about this visualisa-
tion consult (Bouwer, 2005; Bouwer and Bredeweg, 2010).

4.10 learning space 6 : generic and reusable

LS6 introduces generic and reusable knowledge. A build representation in
LS1-5 can be considered a specific representation of a system that integrates
domain theories as they apply to that system. However, such representa-
tions can also be thought of as more generic prototypes of systems (Ap-
pendix E.2). In LS6, domain theories, and the systems for which the beha-
viour is predicted, have their own representations. The domain theories are
modelled as generic representations, and as such can apply to different sys-
tems. The representation allows the domain theories to be decomposed into
parts, which allows for compositional modelling. The particular systems to
be simulated are represented as specific representations without the details
from domain theories. Domain concepts are given their own representation
in LS6, and ingredients can be created based on these definitions to model
systems and domain theories.

4.10.1 LS6 - Build mode representation

In LS6, definitions of entities, configurations, attributes, agents, assump-
tions, and quantities have to be created before they can be used in represent-
ations. The entity, agent and assumption definitions are arranged in a tax-
onomy. The entity, agents and assumption types function as the root nodes
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Figure 39: The entity taxonomy in the contained liquid model on LS6. Each named
symbol represents an entity definition, while each arrow represents an is-a
relation.
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Figure 40: The static model fragment contained liquid in the contained liquid model
on LS6. Note that the entities now have both a definition name and a con-
struct ingredient name. The colour coding in model fragments is almost
identical to that of conditional fragments in LS5 (Section 4.9). More details
on the colour coding can be found in Table 1.

of these taxonomies. Definitions in these hierarchies are related through is-
a relations. Definitions higher in a taxonomy are more abstract and more
generally applicable than definitions lower in the hierarchy. An example en-
tity definition taxonomy is shown in Figure 39. Bucket�−.Container�−.

Object� indicates that all buckets are containers, and that all containers are
objects. The definition hierarchies allows domain theories using more gen-
eric domain concepts (e.g., liquid) to apply to systems using more specific
domain concepts (e.g., water).

LS6 evolves the representations of LS5. LS6 removes the expression frag-
ment representation as the core representation of a model. The notion of
conditional expressions, which import the expression fragment, is made su-
perfluous by the removal of the expression fragment. Instead, dedicated
representations for domain theories and systems are introduced. These rep-
resentations, which are referred to as constructs, are called model fragments
and scenarios. Both types of constructs incorporate ingredients created from
model ingredient definitions (e.g., entity definitions), which are called con-
struct ingredients.

Model Fragments (MFs) are generic representations of (parts of) domain
theories. They have a representation identical to the conditional fragments
(in LS5), but do not automatically import other representations. That is, con-
struct ingredients can be incorporated as either conditions or consequences.
Consequently, model fragments can be read as a rule (e.g., Figure 40).
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Figure 41: The model fragment taxonomy in the contained liquid model on LS6.
Each named symbol represents a MF definition. The black arrows rep-
resent is-a relations. The C-arrow represents a model fragment being in-
corporated as a condition.
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Figure 42: The process model fragment outlet flow in the contained liquid model on
LS6.

Three types of model fragments are distinguished: static fragments, pro-
cess fragments, and agent fragments. Static fragments are used to describe
parts of the structure of the system and how changes propagate therein. In
static fragments, all ingredients may occur except agents and influences. Pro-
cess fragments are used to represent processes, and should contain at least
one influence, but no agents. Agent fragments are used to represent influ-
ences from outside the system, such as actions by actors, and contains at
least one agent. The way construct ingredients can be used in the different
types of model fragments is shown in Table 2 in Section 3.3.6. MFs are or-
ganised in a taxonomy in which static fragment, process fragment and agent
fragment are the root nodes (Figure 41).

MFs can be reused in two ways. First, MFs can incorporate other MFs as
conditions. Model fragments incorporated in such a way are called Imported
Model Fragments (IMFs). For example, the model fragments outlet flow and
tap flow both import the contained liquid MF (Figures 42, 43 and 41). Second,
MFs can be reused by creating child MFs. The child MFs inherit the contents
of their parents. For example, the model fragment assume stable tap flow is a
child of the tap flow MF (Figures 41 and 44).

MFs allow the representation of domain theories of processes and actions.
Typically, domain theories need to be represented as generally as possible.
Therefore, MFs typically incorporate construct ingredients based on entity
(or agent and assumption) definitions higher in their respective taxonomies.
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Figure 43: The process model fragment tap flow in the contained liquid model on
LS6.
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Figure 44: The model fragment assume stable tap flow in the contained liquid model
on LS6. The model fragment is a child of the tap flow model fragment. The
inherited content is coloured green.
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Figure 45: Scenario One container in the contained liquid model on LS6.
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Figure 46: Scenario Two containers in the contained liquid model on LS6.

Consequently, the theory can apply to a broader range of systems. For ex-
ample, the liquid flow process can be made to apply to any contained liquid
system, instead of only to a particular type of container (e.g., buckets) and
a particular type of liquid (e.g., water).

Specifically, the MF representation allows the representation of different
aspects of a domain theory. First, distinguishing structure and behaviour
allows the representation of the class of systems to which the theory applies.
Second, conditional knowledge allows the representation of the conditions
under which the domain theory applies. Third, causal relations allow the
effects of a process or action to be represented. Finally, the reusability of
MFs makes the dependencies between the parts of domain theories explicit,
and allows domain theories to be represented as minimally as possible.

In LS5, there was a single initial values scenario. In LS6, multiple scenarios
can be created and simulated. A scenario describes a specific system in a par-
ticular state, and as such is a specific representation (e.g., Figures 45 and 46).
Scenarios serve as input for qualitative simulation. A scenario becomes the
initial state in the state graph (or multiple initial states if there are multiple
interpretations). Scenarios consist of construct ingredients and typically de-
scribe the structure of the system, the relevant quantities, their initial values,
and inequalities. That is, a set of facts about the initial state of the system.

As part of the scenarios, LS6 introduces exogenous quantity behaviour (Bre-
deweg et al., 2007b), which allows the specification of the particular beha-
viour of a certain quantity in a scenario (e.g., increasing and stopping at the
maximum value, oscillating or parabolic). This feature is useful to represent
effects that play a role in the system, but are not the main focus of a model.
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4.10.2 LS6 - Simulate mode representation

The simulation representations on LS6 are identical to those on LS5, except
that the active conditional fragment list is called the active model fragments
listing. However, new parts of the reasoning become apparent during simu-
lation. A simulation is now based on one of the scenarios (Figures 45 and 46).
These scenarios can have different structures, and model fragments can ap-
ply to multiple parts of the scenario. For example, the contained liquid MF
(Figure 40) applies twice in the context of the two containers scenario (Fig-
ure 46). Moreover, scenarios are more specific than the model fragments.
The two containers represents a system consisting of a bucket, a bathtub and
water, while the model fragments refer more generically to containers and
liquids. The simulator automatically derives that the model fragments apply
to the scenario.

The sections until now describe the build and simulate representations
in each of the LSs in detail. The following section reviews the LSs as a
whole and focusses particularly on the development of the representations
throughout the LSs.

4.11 design decisions

An important goal in the design of the LSs is to follow the principles out-
lined in Section 4.4. Each LS should allow for simulation (principle #1), intro-
duce a feature of Qualitative System Dynamics (QSD) (principle #2), consist
of a self-contained minimal set of terms (principle #3) and preserve consist-
ency in learning (principle #4).

4.11.1 Allow simulation

Allowing for simulation is an important design goal for the LSs (principle
#1). Consequently, each LS, except LS1, allows for simulation and gradually
introduces the learner to new forms of reasoning through the introduction
of terms. Each of these forms of reasoning allows unique features of the
behaviour of the system to be predicted. LS2 introduces the learner to the
qualitative calculus for proportionalities that governs how changes propag-
ate through a system, and shows the result in a single-state simulation. LS3

presents the rules of how states terminate and transition into other states,
and produces multi-state simulations. In LS4, the qualitative calculus for in-
fluence relations is introduced. Furthermore, understanding inequality reas-
oning becomes necessary to comprehend the simulation results (e.g., incon-
sistencies due to inequalities or influences dominating other influences). In
LS5, the matching of states (and the initial values scenario) with the condi-
tions is important to determine which conditional fragments become active.
Finally, in LS6, specific scenarios representing the initial conditions of partic-
ular systems are matched with generic representations of domain theories.
This involves comparing the structural representations in the scenario and
model fragments, which is typically not necessary in LS5 as the initial values
scenario always matches the expression fragment. In short, each LS showcases
a new form form of reasoning necessary to explain systems’ behaviour.

LS1 is the only LS that does not allow for simulation, as other design con-
siderations are deemed more important. First, LS1 serves as an introduction
to conceptual modelling using the simplest form of representation. Allow-
ing simulation would require more terms with a more intricate meaning.
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Second, concept maps are widely used in education, are easy to learn, and
might already be known to learners. As such, LS1 can function as a starting
point from which more intricate representations can be introduced. Third,
the concept map LS allows the learners to get acquainted with the overall
graphical user interface of the LSs while requiring the minimal amount of
tool interactions. Particularly, learners can learn to use the file interactions
and add model meta-data (Section 4.12), which allows them to submit their
work to their teacher and annotate it with, for example, their name and a
description of their chosen topic.

4.11.2 Introduce aspects of qualitative system dynamics

The Garp3 QR formalism can be said to implement three unique features of
QSD: conceptual modelling of systems, adequate representation of causality,
and compositional modelling. The LSs are designed in such a way that these
features are gradually introduced (Table 3, principle #2).

With regard to the conceptual representation of systems, a progression is
built into the LSs. In LS1, the notion of conceptual modelling is introduced.
Learners can create representations of systems. However, concept maps are
not well-suited to capture dynamics. In LS2, the notion of quantities and
their derivatives is introduced. The simulations derive the trends for each
of the quantities. These representations are the first step towards the model-
ling of the behaviour of systems. It also is the first moment where learners
can notice the qualitative (or conceptual) representation of derivative values.
In LS3, the qualitative nature of the representation becomes more explicit,
as learners have to define quantity spaces for the magnitudes of quantities.
Moreover, the simulation now generate full state graphs, which are concep-
tual representations of the behaviour of systems. The representations in LS4-
6 further refine the terms to allow the conceptual representation of systems
and their behaviour.

The representation of causality also becomes gradually more expressive
throughout the learning spaces. In LS1, there are no dedicated terms for
the representation of causality, although learners can use relations to articu-
late such knowledge. In LS2, causal relations are introduced that allow the
representation of how change propagates through a system. These relations
are further refined in LS4, in which the causes of change are distinguished
from the propagation of change. This distinction allows for the modelling of
feedback loops, which are essential for the explanation of system behaviour.
To identify the origin of influences, endogenous and exogenous system ele-
ments are distinguished. To represent this distinction, agents are introduced
to represent parts of the environment of the system.

Particular features of QSD introduced throughout the LSs make compos-
itional modelling (as seen on LS6) possible. LS2 introduces the distinction
between structure and behaviour. This differentiation is essential for com-
positional modelling, as it, together with the distinction between generic
and specific representations in LS6, allows systems and domain theories to
be modelled as separate representations (scenarios and model fragments).
The introduction of conditional knowledge in LS5, allows the representation
of the conditions under which a particular domain theory applies. In LS6,
model fragments and scenarios are introduced, which allows domain theor-
ies and the initial conditions of specific systems to be represented separately.
The domain theories (generic representations) and particular systems (spe-
cific representations) are combined during simulation. The model fragment
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representation also allows domain theories to be decomposed into parts,
which allows for reuse through compositional modelling.

4.11.3 Self-contained minimal set of terms

Each LS consists of a minimal self-contained set of terms required to sup-
port particular aspects of QSD (principle #3). Consequently, the LSs make
learning the conceptual vocabulary required to explain systems as simple as
possible, as each step in the progression introduces the minimal amount of
terms (and therefore conceptual vocabulary) to represent a particular aspect
of QSD.

LS1 has only concepts and relations, which is the minimum amount of
terms with which a conceptual model can be created, and is therefore the
starting point of the LSs. In LS2, the distinction between structure and be-
haviour is introduced. However, what educational goal does it serve? Why
not simplify the representation and integrate the entities and quantities into
a single ingredient (e.g., Liquid heightq), so that the representation would
be more minimal. There are multiple reasons why such an approach would
be suboptimal:

• Entities and quantities represent different types of concepts with differ-
ent types of properties. Mixing entities and quantities hampers learners
in acquiring the ability to clearly distinguish different elements of a
system.

• Moreover, in the ’single ingredient’ approach:

– it is not explicit which quantities belong to the same entity.

– it is not explicit which identical quantities belong to different en-
tities.

To complete introducing the distinction between structure and behaviour,
attributes are introduced in LS2. These terms are not strictly necessary to
allow for simulation. However, they allow learners to represent the structure
of a system more accurately.

LS2 also introduces causal relations in order to allow for simulation. Sev-
eral other terms are required to allow for causal inferences and to make the
LS self-contained. The derivatives of quantities are required to show how the
system behaves. Moreover, the values of the derivatives are the input and
output of causal relations. Value assignments are thus required to indicate
the initial state of the system.

Note that in line with the minimality principle, causal relations (propaga-
tion of change) are introduced instead of influences (causes of change). Reas-
oning with influences would require both magnitudes (as input) and deriv-
atives (as output), while the causal relations only require quantity derivat-
ives. An added benefit of choosing causal relations is that models typically
consist of relatively few processes and many propagations of change. Con-
sequently, a representation using only causal relations can allow for larger
models than representations with only influences.

To introduce the conceptual representation of system behaviour, LS3 intro-
duces terms to represent quantity magnitudes and their associated quantity
spaces. This minimal set of terms allows the reasoning engine to generate
multi-state simulations. LS3 also introduces correspondences. These terms
are necessary to prevent unwanted behaviour. When multiple quantities can
change from an interval to a point value, every possible combination of
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quantities changing or remaining the same becomes a state (e.g., the trans-
itions from state 2 in Figure 23). Correspondences allow modellers to in-
dicate that certain changes occur simultaneously and are thus necessary to
produce correct simulations.

LS4 introduces influences to allow the modelling of the effects of pro-
cesses and actions. As models can contain multiple competing processes,
there is a need to indicate which processes dominate other processes in
order to constrain behaviour. Moreover, in order to represent flows (such
as energy or liquid flows), it is necessary to model the difference between
quantity values causing a disequilibrium (e.g., a difference in pressure). To
allow such representations, inequalities and calculi are introduced. Finally,
to distinguish between endogenous and exogenous influences, agents are
introduced as a counterpart to entities. Given the introduction of influences,
this set of terms is the minimal self-contained set required to make mean-
ingful models.

LS5 introduces the notion of conditional knowledge (principle #2), and
introduces conditional fragments. To make conditional knowledge easier to
specify, the expression fragment is imported into each conditional fragment.
This allows the learner to easily specify the conditions under which a partic-
ular domain theory applies. Learners can use the same terms in conditional
fragments as in the expression fragment, but have to specify whether they
are part of the conditions or the consequences. This set of representations is
the minimal required to represent conditional knowledge.

LS6 introduces the notion of generic and reusable knowledge. To this
end, scenarios and model fragments are introduced. The scenarios are used
to represent different systems in different states, while model fragments
are generic representations of parts of domain theories. This distinction is
essential as it separates specific and generic representations.

As part of the separation of the specific and generic representations, the
notion of model ingredient definitions is introduced.14 That is, the domain
concepts have to be defined as definitions, before construct ingredients based
on these definitions can be used in scenarios or model fragments. The defin-
itions are generic, while the construct ingredients are less generic (or even
specific), as they only apply in a particular context.

Entity, agent and assumption definitions are organised into taxonomies
in LS6. These representations are essential to allow domain theories to be
formulated as generic as possible and for the reasoning engine to match
them to specific systems represented in scenarios. Together, these are the
minimal set of representations required to allow for generic and reusable
knowledge.

4.11.4 Consistency

To allow consistency in learning (principle #4), the meaning of terms should
only be augmented or refined, but never contradicted. Refinement means
that the term is replaced by another term with a more specialised meaning.
For example, in the transition from LS1 to LS2, the notions of concepts and
relations are refined into a more specialised vocabulary with a more con-
strained use. The concepts become entities, quantities and attributes, while
the relations become configurations and causal relations.

Quantities are augmented step by step throughout the learning spaces.
Augmentation means that meaning is added to an existing term. In LS2,

14By default, in LS1-5 there are only construct ingredients.
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they consist of only a derivative. In LS3, magnitudes and a quantity space
are optional. In LS4, each quantity has both a magnitude and a derivative.

Consider the modelling of causal relations. The relations in LS1 can be
used for this purpose, but do not allow for inferences. In LS2, these relations
are refined into, among others, causal relations. The causal relations are
further refined into influences and proportionalities in LS4.

The introduction of agents in LS4 should not be considered a refinement
of entities. In LS1-3, everything in a model is assumed to be part of the sys-
tem as the causal vocabulary to represent external influences is not present.
Agents are a new term which allows the system and the environment to be
distinguished.

In the transition from LS5 to LS6, the initial values scenario is refined into
scenarios, and the conditional fragments are refined into model fragments.
Both of these representations allow for more free modelling, as they do not
import the expression fragment (which does not exist in LS6).

4.12 special features

multiple language support To accommodate the use of the LSs by
secondary school students throughout the world, Unicode support has
been added throughout the tool. Consequently, learners can develop
models using their native language and alphabet. Moreover, the terms
used in a model can be saved in multiple languages within the same
file. Consequently, the same model files can be used by learners speak-
ing different languages.

backward compatibility The LSs allows Garp3 models to be opened
on LS6. Consequently, users can choose to migrate from Garp3 to the
LSs.

multiple model and simulation support The LSs allows modellers
to open and work on multiple models at the same time. Moreover,
within each models, multiple simulations can be open at the same
time.

saved simulations To make evaluation of learner models more efficient,
the LSs allow simulations and selections of behaviour paths to be
stored in the model. This allows teachers (or interested colleagues)
to quickly inspect the simulation results that the model generates.
Moreover, learners can refer to specific simulations and behaviour
paths in their documentation.

show definitions On LS1-5, modellers can create model ingredients in
expression fragments in a single action. Consequently, they do not
have to explicitly model ingredient definitions. The option show defini-
tions makes the definitions visible on LS1-5, and allows learners to fo-
cus on defining their domain concepts. As a result, the definition and
construct ingredient name of each entity, agents and assumption be-
comes part of the representations. This option can be important when
there are multiple construct ingredients based on of the same ingredi-
ent definition.

metadata The metadata editors allow modellers to store information about
themselves (such as their names, email addresses, and names of con-
tributors) and about the model (such as the name of the model, de-
scription, model goals, domain, keywords, known limitations, and
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model version). The metadata editors also allows the creating bug-
reports for specific issues within the model. Some of the metadata
is automatically generated, such as the creation date, date of the last
change, and the version of the software in which the model was cre-
ated.

4.13 dynalearn - learning spaces implementation

The LSs are developed as part of the DynaLearn software (Bredeweg et al.,
2013, 2010), which is freely available.15 The modelling and simulation work-
bench Garp3 (Bredeweg et al., 2009) (Section 3.1) is a suitable starting point
for the implementation of the LSs. It already allows for diagrammatic mod-
elling, has a mature reasoning engine, and supports modellers through vari-
ous means (Section 4.3). The goal in the implementation of the learning
spaces is therefore to make optimal use of the existing Garp3 QR formal-
ism and reasoning engine, and reuse established parts of the graphical user
interface.

4.13.1 Architecture

The implementation of the LSs builds upon the architecture of Garp3 (Fig-
ure 47), which is the result of the integration of several tools (Section 3.1).
The core of the application is the reasoning engine (Section 3.5), which takes
a model file in (SWI-)Prolog (Wielemaker et al., 2012) format (.pl) as input
and generates a simulation (also in Prolog format). A Graphical User In-
terface (GUI) is built around the reasoning engine.16 Build mode allows dia-
grammatic construction of models (Jellema, 2000). As models from build
mode have additional information, such as layout, they are saved in their
own format (.hgp). Users use these files to store their models. Internally, the
models are exported to the Prolog model files to allow for simulation. Simu-
late mode allows inspection of simulation results (Bouwer, 2005; Bouwer and
Bredeweg, 2010). This component takes a simulation (Prolog) file as input,
and allows users to generate and interact with the diagrams that result from
it.

4.13.2 New representations

The aim in the implementation is to make use of the existing Garp3 reas-
oning engine and GUI. However, the learning spaces contain several terms
that are not present in the Garp3 QR formalism. To deal with these new
representations, two implementation efforts were required. First, the new
representations were implemented in build mode. Second, the export of the
Prolog model files from build mode were adapted so that the new repres-
entations are translated into terms in the Garp3 QR formalism. These steps
are discussed for each of the new representations below.

In LS1, concepts and relations are introduced. These new ingredients are
implemented as entities and configurations in build mode. Their visualisa-
tion is adapted in LS1 (Figure 17) to differentiate them from the entities and
configurations in LS2-6 (Figure 18). As LS1 models cannot be simulated, no

15http://www.dynalearn.eu
16The GUI is developed in XPCE, which is graphical user interface toolkit and object-

oriented programming layer on top of SWI-Prolog (Wielemaker, 2009).

http://www.dynalearn.eu
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modification of the export to the reasoning engine is required for concepts
and relations.

In LS1-5, the main build mode representation is an expression fragment.
Such a representation does not exist in the Garp3 QR formalism, nor Garp3.
An expression fragment can be considered to represent a particular system
together with the domain theories that apply to it. As such, in terms of
representation it is similar to both model fragments and scenarios. The ex-
pression fragment is implemented as a subclass of the model fragment class
(Figure 48). In terms of implementation, the expression fragment is similar
to that of a scenario (which is also a subclass of model fragment), except
that causal relations and correspondences can be used. Since there is only a
single expression fragment, an instance of the expression fragment class is
automatically generated each time a new model is started.

To allow expression fragments to be simulated with the Garp3 engine,
they have to be translated to representations in the Garp3 QR formalism.
To this end, the export of the build mode representations to Prolog model
files is adapted (Figure 47). Particularly, the methods that export the model
to a Prolog file (inherited from the model fragment class) are overridden in
the expression fragment class (replacing their implementation). As a result,
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Terms Scenarios
Model Fragment

Cond Cons

Entities X X

Agents X X

Configurations X X

Attributes X X

Assumptions X

Quantities X X

Influences X

Proportionalities X

Inequalities X

Calculi X

Value Assignments X

Correspondences X

Table 4: Export of the expression fragment to the Prolog model file as a scenario and
a model fragment. Cond indicates the conditions and Cons indicates the
consequences of the model fragment. Whether an ingredient is exported is
indicated using X, while an empty cell indicates not exported.

these methods produce a scenario and a model fragment, which are both
terms in the Garp3 QR formalism, based on the expression fragment. How
the ingredients are exported to the scenario and model fragment is shown in
Table 4. Conceptually, the structural aspects of the expression fragment (and
the assumptions) are exported to both the scenario and the conditional part
of the model fragment. This assures that the model fragment becomes active
when the scenario is simulated. The behavioural aspects of the expression
fragment, such as causal relations and correspondences, become the con-
sequences in the model fragment. The quantities and their associated value
assignments and mathematical expressions become part of the scenario, as
they specify the initial values and inequalities between quantities. The imple-
mented export of the expression fragment assures that the model fragment
becomes active when simulating the scenario using the Garp3 reasoning en-
gine. The resulting initial state is similar to the expression fragment (but
with derived values).

LS5 introduces conditional fragments and an initial values scenario, which
are representations that do not exist in Garp3. In build mode, the conditional
fragments are implemented as agent model fragments (Figure 48), which al-
low agents and influences to be used (Section 4.10). Within the interface,
these representations are referred to as conditional fragments instead of
agent fragments. The expression fragment is automatically imported into
conditional fragments (using the model fragment reuse functionality). Since
conditional fragments are no different than Garp3 agent fragments, the ex-
port of these representation to Prolog model files remains the same.

The initial values scenario is implemented as a Garp3 scenario (Figure 48).
This scenario also imports the expression fragment. Since there is only a
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single initial values scenario on LS5, an instance of the scenario class is auto-
matically created for each new model and named Initial values. Even though
initial values scenarios are actually scenarios, the export of these represent-
ation to the reasoning engine is changed, as scenarios are not allowed to
import model fragments in Garp3. The export methods in the scenario class
are adapted so that elements in imported model fragments (in this case the
imported expression fragment) are exported as if they are part of the scen-
ario. The result of the changes for LS5 is that simulation of the initial values
scenario will always make the model fragment part of the expression frag-
ment active. Moreover, the conditional fragments will always become active
when their conditions are met.

4.13.3 Driving simulations on LS2-3

During simulation on LS4 through LS6, in each state an initial set of quantity
derivatives is determined through the effects of influences (causes of change)
(Section 4.8) or exogenous quantity behaviour (Section 4.10). The rest of
the quantity derivatives are determined through the propagation of these
initially derived derivatives. However, LS2-3 allows for neither influences
nor exogenous quantity behaviour, and only allows for the propagation of
changes.

It might seem that this issue can be resolved by having the learner specify
value assignments for a set of quantity derivatives, and derive the rest of
the quantity derivatives through propagation. However, value assignments
are only considered initial values by the Garp3 reasoning engine, as quant-
ities should be able to change their magnitude and derivative values. Con-
sequently, derivative value assignments are lost after the initial state.

The solution to this problem is to add a specific exogenous quantity beha-
viour (Section 4.10) to a quantity when a value assignment is placed on it to
assure that it persists throughout the simulation. This exogenous behaviour
is removed when the value assignment is deleted. Exogenous quantity be-
haviour is shown through an exclamation mark behind the quantity name
(e.g., see the quantityDiameterq in Figure 18). For example, when the value
assignment is set to N, exogenous quantity behaviour makes the quantity
constantly increase. This ensures that the assigned derivative values drive
the simulation.

4.13.4 Interface changes

The implementation of the LSs required a large amount of interface changes
so that each LS functions as an independent tool. The main screen has been
adapted so that in each LS only the necessary buttons are shown. For ex-
ample, in build mode, the model fragment hierarchy button is only shown
in LS6, and in simulate mode the equation history button is only shown
from LS4 onward.

Each of the terms can be added or changed via its own dialog window.
These dialogs have been adapted for particular learning spaces. For ex-
ample, the quantity editor does not show quantity spaces until LS4. On
LS6, learners are required to construct model ingredient definitions before
they can use construct ingredients based on these definitions in model frag-
ments and scenarios. As such, there are different interfaces for these tasks
on this LS. In LS1-5, the dialogs are adapted so that a definition and a con-
struct ingredient are created using a single action (in a way that hides the
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definition from the learner). This hidden definition is necessary, as learners
can choose to model both definitions and construct ingredients on LS1-5 us-
ing the show definitions option at any time (Section 4.12). A special editor is
developed for LS3 in which learners can add quantity spaces to quantities.
In LS4 onwards, a quantity space is always part of a quantity.

In LS2, the simulation is not shown as a state graph, but is visualised
inside the expression fragment (Section 4.6). To this end, a subclass of the
expression fragment editor has been developed in which the simulation res-
ults can be shown. This single-state simulation visualisation takes the simu-
lation results from the Prolog file (which is still represented as states), and
interprets them to show the desired representation. If there is a single ini-
tial state, each of the values is known and visualised. If there are multiple
initial states there is ambiguity, and the union of the derived values in each
initial state is shown in the visualisation. If there are no states, there is an
inconsistency, which is indicated by a large question mark.

4.14 learning spaces in the classroom

As part of the DynaLearn project, the LSs have been used by more than 700

secondary school, undergraduate, graduate, and Ph.D. students in many
countries, including Austria, Brazil, Bulgaria, Israel, the Netherlands, and
the United Kingdom. Most of these uses were part of evaluations research-
ing the educational benefits of teaching using the DynaLearn software (Bor-
isova and Uzunov, 2011b; Borisova et al., 2012; Mioduser et al., 2010, 2011,
2012a,b; Noble, 2010b; Noble and Cowx, 2012; Or-Bach and Bredeweg, 2012,
2013; Salles et al., 2010b, 2012a; Zitek et al., 2010a, 2012, 2013).17

The LSs have also been used by researchers, who have been responsible
for the development of educational material for an environmental science
curriculum (Borisova and Uzunov, 2011a; Borisova et al., 2010; Leiba et al.,
2011; Noble, 2010a; Noble and Cowx, 2011; Salles et al., 2010a, 2011; Zitek
et al., 2010b, 2011; Zurel et al., 2010). This curriculum consists of more than
200 models developed in different LSs (Salles et al., 2012b). Some of the
developed models have been used in the aforementioned evaluation activ-
ities. Within this section, the relevant conclusions from these activities are
discussed.

The LSs are usable by large groups of students in secondary school. The wide-
spread application of DynaLearn throughout the world shows that the LSs
allow technology-enhanced learning using qualitative modelling and simu-
lation to be brought to the target audience of secondary school and begin-
ning university students. Most of the secondary school groups using the
LSs were larger than 15 students (16 out of 22), with some groups being
quite large between 30 and 60 students (7 out of 22) (Mioduser et al., 2012a).
A minority of the secondary school interactions were with groups smaller
than 10 students (6 out of 22).

The LSs can be used by students in their native language. During the evalu-
ations in Brazil and Israel, the models were constructed using Portuguese
and Hebrew (Mioduser et al., 2012b; Salles et al., 2012a). The multilinguality
functionality (Section 4.12) contributed to making the software accessible to
secondary school students and deaf students.

The LSs can be used as a progression to learn domain knowledge. In an in-depth
study following two secondary school students, a progression through the
LSs (LS1, LS2, LS4, and LS5) was used to learn about nuclear power plants,

17For a summary of these results, consult Mioduser et al. (2012a).
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radiation and the potential effects on the environment (Zitek et al., 2012).
The results of the evaluation, based on the analysis of 15 hours of video
(7.5 hour per student in 3 days) and a comparison of tests before and after
the modelling activities, included the following. In LS1, the students were
modelling, and searching for information and asking questions, in equal
measure. In LS2 the students were modelling most of the time (80%). Al-
though in LS4 and LS5 most of the time was still spend on modelling (∼60%),
more interaction with the teacher was needed (20%), particularly to discuss
modelling issues. The post-test of the students shows more consistent and
scientific vocabulary compared to the pre-test. Moreover, the test shows an
increase in the students understanding of the domain.

The LSs contribute to students’ systems thinking. The evaluations show that
throughout modelling sessions, students systems thinking improved con-
siderably (Mioduser et al., 2012a). Aspects of their systems thinking that are
improved are: gaining a systemic view of systems, identifying structure and
behaviour, distinguishing different kinds of causal relations (influences and
proportionalities), and understanding of causal patterns such as chains and
feedback loops.

The LSs allow for gradual acquisition of modelling expertise. A meta-analysis
of the evaluations performed with DynaLearn focussed on the ability of
students to conceptually express phenomena as qualitative models (i.e. ar-
ticulate phenomena using the representational vocabulary, ignoring the im-
plementation with the software). In general, a improvement of modelling
skills is reported throughout the use of the LSs (Mioduser et al., 2012a). Par-
ticularly, qualitative modelling seems to result in learners to adapting their
perspective on phenomena based on the available conceptual vocabulary in
each LS. This in turn results in a change of focus on more particular as-
pects of the system, such as the structure or the causal relations. An student
with modelling experience from a prior evaluation is shown to be able to
use advanced modelling skills and strategies to construct complex models,
which supports the thesis that modelling skills demand long-term learning
in progressively more complex modelling tasks.

The LSs, using in a learning by modelling approach, motivate students towards
learning science. Each of the evaluations measured motivational aspects of us-
ing Dynalearn. The results indicate that learning by modelling and DynaLearn
are considered motivating (Mioduser et al., 2012a). Many students indicate
the possibility (and some cases desire) to apply qualitative models in other
science courses. In a particular evaluation, students explicitly mentioned
their perceived learning as a reason for their motivation.

Using the LSs allows learners to model phenomena earlier in their education
than when using current state of the art QR formalisms. Between 2005 and 2012,
one B.Sc. environmental science and two M.Sc. artificial intelligence courses
at the University of Amsterdam have been using Garp3 and DynaLearn.
Analysis of the course structure and assignments shows that students have
been able to model more intricate phenomena earlier in the course using
DynaLearn compared to Garp3. For example, in the environmental science
course, the students went through LS1-4 within the first week and created
models in LS4 about communicating vessels (Bredeweg et al., 2006b) and os-
mosis during the second week. In the course using Garp3, developed only
the communicating vessels model in week four. Within one of the AI courses,
the students used to create the tree & shade model (the ’Hello world’ of QR),
a model about a bath tub, a model of a boiler system, a communicating
vessels model, and a population interaction model using Garp3. Since the
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change to DynaLearn, the students create less models (tree & shade, com-
municating vessels, and population dynamics) but in less time (in the first
8 weeks, instead of 13), but are considered to have equivalent modelling
expertise. In the other AI course, simple models such as Tree & Shade (Bre-
deweg et al., 2006b) are skipped in favour of more complex models, such as
communicating vessels, since the transition to DynaLearn.

4.15 related work

The LSs have multiple sources of inspiration. Forbus en Gentner argue that
learners’ mental models are initially system specific and only become gen-
eral for a class of systems later in the learning process (Forbus and Gentner,
1986). Consequently, they argue that from a cognitive science standpoint,
QR tools should allow the modelling of specific systems:

(. . . ) deliberately allows users to create situation-specific descriptions
of physical processes, rather than forcing them to first create and then
instantiate a first-principles domain theory. The idea is that situation-
specific models may be all that they need for particular investigations,
and that even if their goal is to construct a robust, broadly-applicable
first-principles domain theory for some area of human knowledge, build-
ing concrete, specific models is a better way to start. In other words,
contemplating multiple specific models may be a better way to formu-
late general domain theories. (Forbus and Gentner, 2009)

The design of the LSs is in accordance with this insight, and allows the
representation of specific systems on LS1-5, and only moves to general the-
ories on LS6.

Another inspiration is the work on establishing learning routes (also known
as causal model progressions) through models in order to achieve learning
goals (Salles and Bredeweg, 2001a; Salles et al., 2003; Salles and Bredeweg,
2001b; White and Frederiksen, 1990). These approaches organise the domain
knowledge following certain criteria. In contrast, the LSs is an organisation
at the meta-level. That is, it is a progression through the representations with
which domain models can be developed. The LSs can be used to develop
learning routes by creating increasingly more intricate models for a domain
in each of the LSs. Each model should capture unique aspects of a system,
which serve as the learning goals. However, such learning routes are only
a subset of the learning routes that need to be designed for curriculum
planning (Section 4.4).

Specific LSs are similar to existing tools and representations. LS1 models
are similar to concept maps created with CmapTools (Novak and Gowin,
1984), which is a well-established form of representation that is used in both
business and education (Moon et al., 2011). One notable difference is that
these concept maps allow for n-ary relations, while the LSs do not. Moreover,
certain features are not replicated in LS1, such as allowing nested nodes,
colouring and adding media (Cañas et al., 2004), as they do not contribute
to the progression of LSs.

LS2 takes a similar representational approach as Betty’s brain (Leelawong
and Biswas, 2008). Similar to LS2, Betty’s brain allows for single-state simu-
lations. A notable difference is that Betty’s brain allows for causal relation-
ships with different strengths (e.g., +++ and --). Within the LSs, this kind of
knowledge can be represented using inequality statements. However, these
ingredients only become available from LS4 onward. Another difference is
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that Betty’s brain representation does not have a separation of structure and
behaviour (Section 4.6), but instead opts for an approach in which entities
and quantities are integrated.

The LS2 representation is also similar to causal loop diagrams (sometimes
called systems thinking diagrams), which is a key representation from system
dynamics (Sterman, 2002). The key relation in causal loop diagrams is also
called a causal relation. However, there are notable differences. First, causal
loop diagrams are meant to produce numerical simulations, while LS2 sim-
ulations only derive the trend of quantities. Moreover, the results of LS2

simulations are potentially ambiguous, while numerical simulations typic-
ally generate a single behaviour. Second, causal loop diagrams do not dis-
tinguish between structure and behaviour. Instead, entities and quantities
are merged into a single representation. Third, LS2 representations are not
meant to model feedback loops. Feedback loops consist of a cause of change
that is reinforced or balanced due to the initiated change propagating back
to the to the cause. From this perspective, modelling a feedback loop using
the same causal relation (such as in causal loop diagrams) is conceptually
incorrect. As such, feedback loops cannot be modelled in LS2. Modelling
them anyway causes problems, as the semantics of causal relations in LS2

does not allow for loops. Specifically, calculating the derivative of a quantity
requires the derivatives of quantities affecting the quantity to be known. As
such, it is impossible to derive the values of the quantity derivatives in a
loop (unless a quantity derivative in the loop is set using a value assign-
ment).

The representation in LS4 is related to VModel (Forbus et al., 2005), and,
one of its successors, QCM (Dehghani and Forbus, 2009). VMODEL only
allows single state simulations, while QCM, like LS4, also allows multi-state
simulations. LS4, VModel and QCM all distinguish influences and propor-
tionalities as different forms of causality as a result of taking Qualitative Pro-
cess Theory (Forbus, 1984) as an inspiration. Moreover, each of these tools
distinguishes entities (called Basic Stuff in VModel) and quantities (called
Parameters in VModel). There are also notable differences. VModel and QCM
do not have the notion of a quantity space consisting of landmarks (which
can be defined by the modeller). Instead, their notion of quantity space
defines the values of a quantity in terms of the possible ordinal relations
with other quantities. Furthermore, these tools do not provide attributes,
agents, correspondences, assumptions and calculi as terms.

LS4 representations are also related to stock and flow diagrams, which is
another important representation from system dynamics (Forrester, 1961;
Sterman, 2002). A flow variable, originally called a rate (Forrester, 1961), can
be seen as a quantity on LS4 in which the in- and outflows are influences.
The outflow is a positive influence on the stock (originally called a level (For-
rester, 1961)) variable it affects, while the inflow is a negative influence on the
originating stock variable. That is, the influence is in the direction opposite
of the inflow. The source and sink in a stock and flow diagram would have to
be modelled as quantities of agents in LS4. Causal loops in stock and flow
diagrams are also similar to those in LS4 representations. Causal relations in
stock and flow diagrams, and proportionalities in LS4, seem to have the same
meaning. As such, the combination of a flow and a causal relation back to
the flow (which models a causal loop) seems identical to an influence and
a proportionality back to the influencing quantity. The auxiliary variables in
a stock and flow diagram would be modelled as quantities in LS4. Some
notable differences are that stock and flow diagrams generate numerical
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simulations, while LS4 simulations generate conceptual representations of
system behaviour (which can incorporate ambiguous results). Furthermore,
similar to causal loop diagrams, stock and flow diagrams do not distinguish
between structure and behaviour.

The LS3 and LS5 representations do not seem to have a counterpart in a
tool. LS6 is representationally equivalent to Garp3 (Bredeweg et al., 2009)
(Section 3.1), as both implement the Garp3 QR formalism.

The system theory diagrams do not seem to be able to capture conditional
knowledge (as on LS5), and also cannot be used to create generic represent-
ations of domain theories (as on LS6). However, the representations are sim-
ilar enough to consider QR as a conceptual form of system dynamics. This
explains why learning to model using the learning spaces, and learning the
underlying principles, teaches systems thinking (Section 4.14). This result
is consistent with other empirical research that finds that teaching QR prin-
ciples improves performance on systems thinking tasks (Smith and Gentner,
2010).

The similarity with system theory diagrams explains why QR is appropri-
ate for domains in which system dynamics is dominant, such as ecology and
environmental science (Ford, 2009). Moreover, this perspective also makes
the modelling of interdisciplinary issues possible. The application of QR to
sustainability (Bredeweg and Salles, 2009a) is a good example, since such
models often encompass each of the different pillars of sustainability: eco-
nomical and social development, and environmental protection.18

In summary, there are tools with representations that are similar to some
of the LSs. However, the LSs are unique as a result of organising the repres-
entations as a progression. This allows learners to gradually acquire expert-
ise about aspects of qualitative system dynamics by advancing through each
of the LSs, and choose representations suitable to model particular domain
phenomena.

4.16 conclusions

QR model have many properties, such as being articulate, explanatory and
conceptual, that make their application beneficial for education. However,
state of the art QR formalisms are comprehensive and intricate, which com-
plicates their use by learners at the end of secondary school. Consequently,
learners miss the opportunity to learn domain theories through conceptual
modelling and simulation of system behaviour. This is unfortunate, as these
learners study subjects such as biology and physics in which the system
dynamics perspective, which can be acquired through QR, is essential.

The proposed six LSs aim to make learning using qualitative modelling
as easy as possible by decomposing the full collection of terms of a QR
formalism into smaller sets, which are organised into a progression from
the minimal set to the full formalism. A principled approach is taken to
establish this decomposition and progression. Each LS allows for simulation,
introduces a unique feature of qualitative system dynamics, consists of a self-
contained set of terms. On top of this, consistency in learning is preserved
by only augmenting and refining the meaning of terms.

The starting point for the implementation of the LSs is the qualitative
modelling and simulation workbench Garp3, which already allows for dia-
grammatic modelling and supports modellers in several ways. The LSs are

18
2005 World Summit Outcome Document, World Health Organization, 15 September 2005.

http://www.who.int/hiv/universalaccess2010/worldsummit.pdf

http://www.who.int/hiv/universalaccess2010/worldsummit.pdf
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established by making optimal use of Garp3’s mature reasoning engine and
by tailoring the interface to each LS.

The LSs are part of the DynaLearn ILE, which is available online.19 Videos
of models being built in the LSs are also available.20 The LSs have been used
by over 700 learners in secondary schools and universities, and more than
200 models have been developed by professional researchers throughout the
world. As such, the LSs seem to be usable for our intended target audience.
Evaluation studies suggest that the LSs can be used in a progression to
learn domain knowledge, contribute to systems thinking, allow the gradual
acquisition of modelling expertise, and motivates students towards learning
science. Moreover, the LSs allow learners to model phenomena earlier than
state of the art QR formalisms.

19http://www.DynaLearn.eu
20http://www.DynaLearn.eu/education/

http://www.DynaLearn.eu
http://www.DynaLearn.eu/education/

