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DD Y N A L E A R N I L E I N T E R A C T I O N S

The DynaLearn Interactive Learning Environment (ILE) has different modes
of interaction to support learners and domain experts (Figure 67). The dif-
ferent components in DynaLearn (Figure 66), described in Section 6.12, play
a role in each of the interactions. The following sections describe the in-
teractions in more detail. Videos of the different interactions are available
online.1
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Figure 67: Overview of the different interactions in the DynaLearn ILE. Each roun-
ded box represents a type of interaction. In the top-right of each inter-
action, the components that play a role in the interaction are listed (CM:
Conceptual Modelling, VC: Virtual Character, ST: Semantic Technology).
Components shown between brackets in interactions can optionally play
a role in those interactions. Each square is a representation. Note that a
teacher can play the role of a domain expert and develop models.

d.1 learning spaces

The Learning Spaces allow domain experts to express and develop their do-
main knowledge through modelling (Chapter 4). Learners acquire domain
knowledge by developing models. Both learner models and expert models
can be transmitted to the semantic repository (or virtual characters) as Web
Ontology Language (OWL) (Bechhofer et al., 2004; Hitzler et al., 2009) rep-
resentations. The Learning Spaces also allow models to be loaded from such

1http://dynalearn.eu/education/
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OWL representations. QR models can also be saved to local OWL files and
loaded from them.2

d.2 grounding

The grounding functionality supports learners in using the correct termino-
logy. It also allows experts to align their terminology with the community
and to contribute new terms (Garcia et al., 2010; Gracia et al., 2010; Lozano
et al., 2012). In the grounding process for a model ingredient definition, the
modeller is given a list of possible equivalent concepts from DBPedia (and
how often they are used in other models). Selecting an equivalent concept,
saves its URI as an alignment for the model ingredient. The ingredient is
said to be grounded. The grounding functionality supports English, Span-
ish, German, Portuguese, Bulgarian, Dutch, Italian and Hebrew.

Domain experts are able to contribute concepts as possible groundings
by developing anchor terms. These anchor terms consist of a name and a
description and are saved as a separate ontology in the semantic repository.
Anchor terms can appear as possible equivalent terms during the grounding
process after the expert model has been saved to the repository. By having
domain experts (or teachers) develop and ground their models, learners are
assured of having valid groundings available for particular exercises. This
is essential, as learners are not permitted to develop anchor terms.

When a modeller initiates the grounding process, the CM component
sends a SOAP request to the ST. This request includes the domain concept
ontology from the QRM representation, as this representation of the model
ingredient definitions captures domain concepts used in the model and sim-
ulations (Section 6.4). The response of the ST consists of an OWL file that
describes the possible groundings. As a result of grounding, the models in
the semantic repository share a common vocabulary, which allow models
to be programmatically compared. This is an essential requirement for the
semantic feedback interaction to work.

d.3 semantic feedback

The semantic feedback interaction provides individualised feedback to learners
(Lozano et al., 2011, 2012). The feedback comes in two forms. First, it indic-
ates how the learners can change their model to be more similar to other
models in the repository. This feedback can be considered a critique of the
contents of the model. Second, the semantic feedback can suggest possible
new modelling steps. This feedback is meant to give the learner more con-
trol over his or her learning process. When presented via the virtual charac-
ters, a possible feedback is: You’ve modelled the natality of the population, why
not also model the opposing process mortality? By default, the entire repository
is used to generate feedback. This feedback is meant to make the learner
aware of the possible directions which he can take in the development of
his model. However, it is possible to constrain the set of models from which
the feedback is generated by assigning them to a course. The semantic feed-

2Currently, both Garp3 and DynaLearn use the .hgp file format by default, which is a
memory dump of the model representation. The OWL file format is not used for two reasons.
First, for large models, the legacy code that is responsible for querying and constructing the
model data structure is not optimized enough to allow saving and loading of OWL files to
occur seamlessly for the modeller. Second, the .hgp file format allows simulations to be saved.
These representations are not saved in the OWL representations (but can be saved separately),
as they result in files that are too large to comfortably email (> 10 MB).
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back then functions as a form of dynamic curriculum planning within the
constraints of the course.

When a learner requests semantic feedback, the CM component sends a
request to the ST. This request contains a complete QRM representation (in-
cluding the established groundings). The ST selects a set of grounded QRM
representations based on the number of groundings they have in common
with the QRM representation in the request (settings can be used to indic-
ate whether models should have few or many groundings in common). The
ST then uses SPARQL queries (particularly on the domain aggregate level,
Section 6.4) to compare the learner QRM representation with the selected
QRM representations. Based on the differences between the representations,
modelling suggestions are generated. These suggestions are constrained to
be one modelling step away from the learner model, and are ranked based
on the consensus within the models in the repository. The suggestions are
represented in an OWL file and sent to the CM in the response to allow them
to be shown in an interface (and optionally discussed by virtual characters).

d.4 basic help

The basic help functionality is particularly meant to support modellers who
are less familiar with the DynaLearn software and conceptual modelling
(Beek and Bredeweg, 2012; Beek et al., 2011; Wißner et al., 2010a). It consists
of three types of feedback. The ’What is’ functionality provides explanations
about model ingredients in terms of both the QR vocabulary and the prop-
erties the ingredient has in terms of the domain (which can be considered a
partial verbalisation of the model). For example: "Environmental damage is a
quantity. (. . . ) It is part of the following causal relations: Positive P+ from Envir-
onmental damage to Deforestation rate, negative P- from Environmental stability
to Environmental damage." The ’How to’ functionality functionality provides
explanations about how to perform particular tasks in the DynaLearn soft-
ware, such as adding a quantity, or running a simulation. This functionality
is context sensitive, and uses a planner to indicate which steps the learner
still has to perform in order to complete the task. Finally, the ’Why is’ func-
tionality explains why certain simulation results are the way they are. For
example it can answer: Why is the quantity size in increasing in state 4?

The basic help functionality uses its own representation of explanations
that is more language oriented than the QR formalisation. However, this
format includes the URIs from the OWL representations.

d.5 quiz

In the quiz interaction, a virtual character, called the quiz master, questions
the learner based on a simulation of an expert model (Wißner et al., 2010b,
2011, 2013). In this interaction, the learner is not developing his own model,
but answers multiple-choice questions based on an expert model that is
considered correct. A question could be: Why does the population size decrease
in state 4? The questions focus on those aspects of the simulation that the
learner knows less about, and finishes when a sufficient understanding has
been reached.

When a learner starts the quiz, the CM sends a request to the VC that in-
cludes the QRM and a simulation representation based on an expert model.
The VC acknowledges the request, and constructs a user model (of the
learner’s knowledge) in the form of a Bayesian network based on the com-
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municated representations. The questions and possible answers are gener-
ated by the CM component (based on the simulation) upon request by the
VC. The quiz master introduces himself to the learner and starts asking ques-
tions. During the interaction, the user model is updated based on correctly
and incorrectly answered questions. Information about knowledge about
particular aspects of the simulation propagate to the representation of the
model through the links between the simulation and the domain aggregate
level, and links between the domain aggregate level and the domain concept
ontology level (Section 6.4). Follow-up questions are based on the current
state of the user model.

The representation of the Bayesian network, inspired by the QR formalisa-
tion, theoretically allows the information at the domain concept and domain
aggregate levels to be reused for a quiz about another simulation. Going a
step further and reusing the information at the domain concept level for
simulations of other models may also be possible. If the models contain
ingredients that have the same grounding, the learner’s current knowledge
about these ingredients in the current quiz should also be applicable to these
ingredients in the next model. However, these ideas about reusing inform-
ation in the user model have not been implemented. Other interactions in
DynaLearn make use of the QR formalisation to a lesser extend (e.g., only
the URIs).

d.6 teachable agent

In the teachable agent interaction, the learner chooses a virtual character as
a pet (Wißner et al., 2010a). The learner is invited to built a model, which
acts as the representation of the knowledge of the pet. The learner can in-
teract with the pet by asking him questions about the model. For example:
What happens to the size of the fish population if the nutrient run-off of the agri-
culture farm is above the critical level? The pet will answer the question based
on the model that the learner has created so far. When asked, the pet can
explain the complete path of causal steps that has led to this answer. When
the answers to the questions and the explanations are not as expected, this
provides an incentive for the learner to reconsider the model. When the
learner is happy with the result of the model, the pet can be sent to the
quiz master. The quiz master asks the pet a set of questions based on an
expert model in the background. The pet answers the questions based on
the learner model. At the end, the pet is graded based on the number of
correctly answered questions (in terms of the expert model). The feedback
on the questions that were answered wrongly can trigger the learner to im-
prove the developed model. After refining the model, the pet can be send to
the quiz master again.

The QR formalisation is used in different ways in the teachable agent in-
teraction. First, to start the interaction, the QRM formalisation of an expert
model can be loaded from the semantic repository. Second, as in the quiz
interaction, the requests for questions and the representation of the ques-
tions themselves use the URIs from the QRM formalisation and the URIs of
formalism terms in the QR formalism ontology.

d.7 diagnosis

The diagnosis functionality (Beek and Bredeweg, 2011) helps modellers
troubleshoot their simulations. It allows learners (or experts) to articulate
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their expected model behaviour by indicating which parts of the simulation
should behave differently. For example, a modeller could indicate that in
state 7, the population size should be decreasing. The resulting inconsist-
ency between the desired and the actual simulation behaviour is the input
for the diagnosis algorithm. This algorithm derives which sets of model in-
gredients are inconsistent with the expected behaviour. That is, given the
model ingredients, the desired behaviour is a logical impossibility. The al-
gorithm derives these model ingredients through interaction with the mod-
eller. It asks whether particular steps in the derivation of the undesired be-
haviour are expected. From the algorithm’s perspective, this constrains the
search space. But from the modeller’s perspective, the algorithm presents
the reasoning steps that lead to the undesired behaviour. When the model
ingredients that are inconsistent with the desired behaviour have been de-
rived, the modeller has two options. First, it is possible to change the model
ingredients so that the desired behaviour can potentially occur. Second, it is
possible that the modeller reconsiders his expectations given the presented
set of reasoning steps. The diagnosis algorithm in DynaLearn is different
from traditional (model-based) diagnosis algorithms, as it does not require
a correct reference model. Instead, it works completely based on the expect-
ations of the modellers.

The diagnosis functionality uses its own internal representation instead of
the QR formalisation. This has two reasons. First, the diagnosis functionality
requires much computation. The dedicated diagnosis representation is de-
signed for performance. Second, the diagnosis representation consists of dif-
ferent representations of a simulation at different levels of abstraction. These
representations are only used for the diagnosis and therefore not included
in the QR formalisation. However, the URIs from the QR formalisation are
reused as a means of identifying particular ingredients.

d.8 a qr model repository for domain experts

An online QR model repository for domain experts was developed to share
and reuse models via the Qualitative Reasoning and Modelling Portal (Liem
and Bredeweg, 2009).3 The repository allows modellers to upload their work
(as OWL representations) and search for work of others based on the con-
tents of the models, popularity or ratings. The repository shows the contents
of the uploaded models categorized per ingredient type.

Typically, a modeller will want to search for models which contain a cer-
tain entity or quantity (e.g., a model which contains both an entity Popu-
lation and a quantity Population size). Normal search engines search for
keywords in text and are unable to interpret the explicit knowledge rep-
resentation in qualitative models. As such, the search engine is unable to
distinguish between different types of model ingredients, or between do-
main specific and domain independent knowledge (i.e. the QR vocabulary
and the knowledge formalized by the modeller). This hampers the search
engine’s ability to find relevant models. However, the OWL functionality
allows qualitative models to be exported to a machine accessible explicit
knowledge representation language. This allows modellers using the search
functionality to focus their search using the QR vocabulary.

3http://www.garp3.org Note that this repository is taken down due to security concerns.

http://www.garp3.org

