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Abstract. Serious games are increasingly used in schools, universities or in vo-
cational training. When they are used in the classroom, teachers often have to
deal with the lack of tools for monitoring the students during the game and as-
sessing them after the game. So they often tend to add assessment question-
naires to the fun sequence of “learning by playing”, to ensure that students have
learned during the session. Our goal is to enable the teacher to do without this
type of questionnaires by providing them an automated tool for monitoring and
analyzing the actions performed by learners. The system combines an “expert
Petri Net” and a domain and game action ontology. Our first experiment con-
ducted on a sample of fifteen students showed that the diagnostic tool gives rel-
atively close results to those of an online assessment questionnaire proposed by
the teacher.
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1 Introduction

The question of learning through serious games is often asked. Much research has
been carried out [1], [2], [3]. When the serious games are used in the classroom,
teachers often have to deal with the lack of tools for monitoring and assessing stu-
dents. So they often tend to use assessment questionnaires to ensure that students have
learned during the session. This practice interrupts the game dynamics created by
game-based learning systems. Our contribution is a tool for teachers to monitor and
analyze the progress of the player (from traces of the game). The system uses indica-
tors inspired from Hollnagel’s analysis of human errors [4]. The tool is based on an
“expert” Petri net and a domain and game action ontology. Petri Nets are used to
model the expert rules of the domain and to diagnose the non-compliance of these
rules. The ontology represents the domain concepts and their equivalent in terms of
game actions, relations between game actions and between concepts and actions.
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After having highlighted the difficulties of assessing learning in game-based learn-
ing systems we explain in detail the algorithms used by showing how the properties
and tools of a Petri Net (PN) can be used to label the behavior of the player. We then
present the first encouraging results of a comparative evaluation between our system
and an assessment using an online questionnaire.

2  Assessment in Game-Based Learning Systems

Several studies have considered the issue of automatic assessment of learning in
serious games. Thus, in [5] the authors added a system of state machines to the game,
i.e. predefined situations that the teacher wants to watch. The teacher sets the states he
wants to trace in the monitoring system. This approach is interesting but requires the
teacher a great effort of interpretation to analyze the provided game indicators. In [6] ,
the system compares the student causal graph to the teacher’s one and highlights the
missing and erroneous link. In [7], the authors use plan space exploration to generate
a suitable game play for the learner. The game is automatically adapted to the actions
of the player. Our approach has the same objectives as these approaches but uses dif-
ferent techniques and is more interested in labeling the errors performed by the play-
er: the main goal is to assist the teacher in his evaluation of the “learning player”.

3 Automatic Monitoring and Game Action Analysis System

3.1 Diagnostic Indicators

Drawing on the work of Hollnagel [8], we defined a classification of actions made
or not made by the learner, using the CREAM method (Cognitive Reliability and
Error Analysis Method). In the case of error analysis in game-based learning systems,
we present in the figure 1 an evaluation of the actions of the player.
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Fig. 1. Evaluation of the player's actions in the game-based learning systems
according to the CREAM method



Each label is explained in [9].For example, suboptimal actions enable progress in the
game but the multiplication of these actions by the learner reveals a poor mastery of
the field and imperfect skills. The player manages to overcome difficulties without
finding the right solution. Belated and premature actions are necessary to resolve the
current problem but do not happen in the right sequence. Equivalent actions are not
performed by the expert, but produce exactly the same result as those of the expert.

3.2 Combining an Expert Petri Net and a Game Action and Domain Ontology

As detailed in [10] [9], we use a Petri net to follow the progress of the learner step
by step. The idea is to analyze every "pedagogically significant™ action performed by
the player and to label each one according to the headings defined in Figure 1.The
transitions of the Petri Net are game actions and the places represent game properties.
The Petri net describes the expert behavior in the game: it performs the actions that
the expert uses to solve the problem. The Petri net is built using a reverse engineering
process on the game engine and by extracting domain rules from experts. Once the
network is initialized by marking the places that describe the data of a problem to
solve, the Petri Net will list all the solutions, i.e. the graph of the actions leading to an
expert resolution of the problem (Petri Net reachability graph). Petri nets have been
used in the field of game-based learning systems but rather to design games and to
validate and verify the consistency of scenarios [11][12][13]. The ontology of game
actions completes the approach. We use it to link game actions to the domain compe-
tencies and to represent the equivalence and sub-optimality relations between game
actions. Ontologies have been used for the diagnosis of errors in learning systems [14]
as well as for knowledge diagnosis in serious games [15].

3.3 Game Actions Labeling Algorithm

The goal of this algorithm is to analyze the actions performed by the player step by
step and to compare them with the «expert» Petri net. The system provides the
teacher with an overview by presenting the percentage of each label defined in Figure
1. Thus, the list of missing actions allows the teacher to identify blocking points.
Moreover, even if a student passes the level, the multiplication of erroneous actions
demonstrates a process of trial and error to reach the solution. Finally, belated and
premature actions reveal a lack of optimization in the sequence of actions. The player
performs the correct actions but not at the most opportune moment.

The diagnosis algorithm works as follows:

1. Expert Petri Net loading and reachability graph calculation

2. Player's traces loading and sub-optimal / equivalent actions research: the ontology
is queried first to detect these error categories. These actions are labeled and then
replaced by the corresponding expert action.

3. With the reachability graph, identification of :



(a) Right actions : firable transitions

(b) Erroneous actions : transitions that don’t appear in the reachability graph

(c) Redundant actions: live transitions (available in the expert Petri Net) but all the
output places are marked (the player already has the information he requested)

(d) Premature actions : live transitions but not firable because prerequisite transi-
tions are missing

(e) Missing actions : transitions that appear in the reachability graph but not in the
traces of the player

4. Finally, the belated actions are obtained as follows: each time the player performs a
non firable transition, the system calculates and stores the expected ones. Thus,
when the player performs an “expected action” , it is a belated one.

4  Case Study

4.1 The Game

Ludiville has been developed by KTM Advance, for the “Banque Populaire
Caisse d’Epargne” Group. It is designed for fledgling account managers. The
goal of the player is to meet the demand of a customer by handling a more or
less pre-filled loan file by performing domain linked game actions. One of the par-
ticularities of the game is to allow the player to use generic action when he doesn't
know what type of information to ask the client for. For instance, “ask for docu-
ment” action can be used instead of “Pay slips”. These generic actions ensure that
the learning player does not get frustrated. He can move forward inside the game
without being held up by a lack of knowledge about some domain aspects. Howev-
er, these cards yield fewer points than the specific cards, which reveal a priori core
competencies.

4.2 The Experiment

The aim of the experiment is to compare the results of the diagnostic tool with that
of an online questionnaire. The game has been tested on fifteen Higher National Cer-
tificate students. The part of the course on mortgages has not been addressed by the
teacher beforehand. After a quick presentation of the game interface, the students
played independently for about an hour. They all finished the first level. The traces
containing all the actions performed for each client and each attempt were collected in
XML files. At the end of the game, students responded to an online questionnaire
developed by the teacher, referring to the concepts covered in the game. For example,
they were asked to name the key documents to identify the personal characteristics of
the client. The questions were classified according to four tabs defined in the game:
client, project, loan and finalizing. Students had not been warned initially that they
would be assessed at the end of the session. We chose to analyze in detail the last
customer case of the first level. This is an assessment case that contains most of the
skills used in the previous cases. This validation is considered as the "boss" at the end
of a level in “traditional” video games. Some students had to go through several at-



tempts to complete this case. We chose to analyze the latest. Take the average of all
trials would have penalized those who started several times. However, the number of
attempts has been passed on to the teacher to give a more accurate evaluation.

For each student, an overall average and average per competency was calculated
by coding the responses to the questionnaire as follows: right (2 pts), approximate
(1pt), no answer (Opt), wrong (-1pt). The diagnostic indicators (right action, too early,
too late, sub-optimal, equivalent erroneous) were also related to each sub area of
expertise and coded as follows : right (1pt), sub-optimal (1,5 pts), premature and be-
lated (1 pt), erroneous (-0,5pt), missing (1pt).
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Fig. 2. Results comparison

4.3 Discussion et Perspectives

Comparing the two point clouds in Figure 2 shows that the results coincide for
two-thirds of the students. The average is 1.55 for the diagnosis tool while it is 1.56
for the questionnaire. The Wilcoxon signed rank test gives p-value at 0.69. The two
series are quite close. For student 8 and student 15, the differences are explained by a
misunderstanding in the questionnaire (the same question). For student 8, the im-
portance of the gap is due to the multiplication of non-expert actions. In our tool, we
can see hesitations, trials and errors. Thus, at the rating of game actions, students who
had thoughtful behavior have clearly an advantage compared with those who have
adopted a process of trial and error, by multiplying the attempts. Moreover, it is not
because they have increased the errors that they did not finally learn from their mis-
takes: this explains why their results in the questionnaires are good. We should refine
the labeling of non-expert actions in order to isolate those that specifically reveal
misconceptions.

5 Conclusion

From several experiments, it will be possible to identify players’ behavior patterns
using data mining techniques such as clustering. In the rest of our work, we also plan
to analyze in detail the various attempts on the same mission: how does the player



adjust his strategy when he starts again a mission? In this regard, the Petri Net-based
approach when implemented in real time on a game, allows for automatic and appro-
priate guidance. Indeed, when the player is blocked because he did not perform an
action, the system can send a clue. The authors want to thank the French government
who funded this research.
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