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Abstract. Computer-based training systems are of growing importance
nowadays. Demand for remote skill and knowledge validating solutions is
higher than ever before. Serious games provide safe and replayable con-
ditions for teaching and practice. The main issue with education founded
on serious games paradigm is the evaluation of the players. Virtual envi-
ronments allow for various activities that are hard to grasp and quantify
automatically. Gameplay log files are usually filled with an excess of triv-
ial activities that don’t provide vital information about user’s skills or
knowledge in the relevant domain. In this paper, the authors propose
a novel method for classification and interpretation of user activities in
computer-based training systems. The innovation of the presented idea
lies in the combination of layered graphs data structures, and Bayesian
inference about the user’s skills and knowledge.

Keywords: Layered graphs · serious games · training evaluation · edu-
cational assessment.

1 Introduction: Player Evaluation in Serious Games

Serious games are usually defined after the classic book of Clark C. Abt as having
“an explicit and carefully thought-out educational purpose and (...) not intended
to be played primarily for amusement” [1]. Most of the modern computer based
serious games are training or educational applications [17]. The main problem
with regard to educational games is the assessment. Like in any other scholarly
context the information about learners’ progress is crucial for evaluating the
entire projects. Fortunately, the educational progress of users can be viewed in
part in terms of the player’s progress in the game. The games have “naturally”
built-in progress tracking systems such as points, achievements, character levels
etc. They also allow detailed logging of user activity.

Nowadays – not only due to the global crisis caused by the COVID-19 pan-
demic started in 2020 – there is a growing interest in remote training. More and
more companies, training centers and schools are forced to work on-line. Re-
gardless of the future epidemiological situation, this trend will in all likelihood
increase. From the point of view of designers and creators of serious games, this
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means the need to introduce more and more sophisticated methods of evaluation
and the need to automate this process. Generally, procedural assessment based
on mechanics is an idea to strengthen one of the most important added values
in serious games – the potential variety of scenarios that go hand in hand with
the repeatability of the assessment. Procedural story and/or world generation is
widely used in entertainment, education and reasoning [8–13].

At this point, attention should also be paid to the distinction between the
assessment and evaluation. As authors of [2] indicate – assessment is a formative,
diagnostic and process-oriented activity, while evaluation is more often summa-
tive, judgmental and product oriented. Nevertheless, the common areas of these
two ways of looking at educational progress include the fact that they are data-
intensive, utilizing measures, and user-oriented.

In the case of computer games, the players’ behaviors observed in the game
are in fact activations of mechanics implemented by the designers. We define
mechanics after M. Sicart as “methods invoked by agents to interact with the
game states” [4]. The player – within the system – cannot do anything that would
not be mechanics (although there is a problem of subversive play – exploiting
bugs and glitches [5]). This means that for the purposes of evaluating educational
progress in serious games, we can treat mechanics as observables – from their
applications and parameters (timing, sequence, speed, context) we can obtain
some information about the knowledge, skills, abilities or attitudes of players.
Such a framework – combining the ECD (Evidence Centered Design) paradigm
[6] with the MDA (Mechanics, Dynamics, Aesthetics) model [7] is proposed by
authors of [4]. In our proposal, mechanics applied in the contexts will constitute
the basis for updating the values of evaluation variables.

The spheres of designer’s responsibility are grouped into two separate entities
here simply called the game and the educational robot :

However, the domain content and learning theories, the pedagogy, and
the learning profile have a common context representing serious sides
which can be grouped into one entity called an educational robot; on
the other hand, all game aspects will be represented in one entity called
a game. The educational robot and the game should exchange data or
information; the game knows what the learner/player is doing, and by
communicating relevant information (learner traces) to the educational
robot, the last one knows what the player has done, and by analyzing
learner’s traces a decision is communicated back to the game (pedagog-
ical order) to be applied such as repeating the same level (...) [15]

In our, presented below, concept – instead of the communication protocol
between the layers of the system, we propose that the competences of the ed-
ucational robot should be implemented by a properly structured game system,
and that the progress in the student’s profile is tracked with the use of variables
represented in the graph system, which also describes the player’s possible me-
chanics with their context. In this way, the system architecture is significantly
reduced while maintaining full designer’s control over the application and with
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the possibility of procedural content generation, e.g. as repetitions with variants
required for accurate testing and predictions [16].

2 Bayesian Knowledge Tracing

Bayesian Knowledge Tracing (BKT) is a well established algorithm for modeling
learners educational progress [32]. BKT is a proven solution for the estimation
of student proficiency and the effectiveness of the educational process [31]. Due
to its probabilistic construction, it is suitable for prediction and use in [30]
recommending systems. A natural development of this solution is its use in
intelligent systems, [29] also those based on deep learning [28].

An important element of the solution presented in this article is the use of
before-mentioned idea. According to the Bayes Theorem (1), the likelihood of
event A under the condition of B: p(A/B) is equal to likelihood of event B under
A: p(B/A) multiplied by probability of observing event A: p(A) under condition
of B: p(B) [23].

p(A/B) =
p(B/A)p(A)

p(B)
(1)

Therefore marginal probability of B: p(B) is equal to sum of joint probability
p(A,B) over all possible values of the other variables (in this case a represents
particular value of A, (2):

p(B) =
∑
a∈A

p(B, a) (2)

The proposed method of constructing evaluation in serious games is based
on the idea of Bayesian Knowledge Tracing [19–21] often used in Intelligent Tu-
toring Systems [22]. These systems can be described as based on the following
modules: Student, Tutor, Domain and Interface – just like in the case of before-
mentioned educational robot architecture, created for the needs of thinking about
serious games. For us, the most interesting activity is to model the Student mod-
ule and the context in which he/she is thrown (game world, diegesis). According
to [22], the Student module can be considered as a quantitative representation
of the recorded behavior of the application user. There are many ways to ex-
press the actions performed in the context of a certain domain. We propose a
game-related view through the prism of mechanics, described by the structure
of layered graphs.

In the light of classical Bayesian Knowledge Tracing theory (as described e.g.
in [20]), the key parameters are:

– p(L0) – probability that the student u has the skill k from an external source
(it can be estimated, for example, using the initial knowledge test);

– p(T) – probability of transfer of knowledge about the student’s state from
unknown to known after the occurrence of a situation enabling its applica-
tion;
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– p(G) – probability of correct execution of the action despite the lack of the
skill (“by accident”, “guess”);

– p(S) – probability of making a mistake despite having the appropriate skill
(“accidental mistake”, “slip”).

The initial situation is illustrated by equation (3). Equations (4) and (5) are used
to calculate p(L) in the following steps in the case of observed (obs) correctly
(4) and incorrectly (5) performed operations. At the end (6) and (7) are used
to update the probability that student u will apply k correctly when given the
opportunity.

p(L1)ku = p(L0)k (3)

p(Lt+1|obs = correct)ku =
p(Lt)

k
u · (1− p(S)k)

p(Lt)ku − (1− p(S)k) + (1− p(Lt)ku) · p(G)k
(4)

p(Lt+1|obs = wrong)ku =
p(Lt)

k
u · p(S)k

p(Lt)ku · p(S)k + (1− p(Lt)ku) · (1− p(G)k)
(5)

p(Lt+1)ku = p(Lt+1/obs)
k
u + (1− p(Lt+1/obs)

k
u) · p(T )k (6)

p(Ct+1)ku = p(Lt)
k
u · (1− p(S)k) + (1− p(Lt)

k
u) · p(G)k (7)

The dynamics of the described situation is presented in the Fig. 1 below
where K stands for the knowledge node, and Q for the quiz node (or – in our
case – quest node).

Fig. 1. The Standard Bayesian Knowledge Tracing model (after [24])
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3 Layered Graphs in the Description of Gameplay

Players’ behaviours and decisions are closely connected with game mechanics
and interactive game elements available at the moment of decision. Both for
player actions analysis and game design verification, it is useful to represent the
gameplay in the formal way. Graphs are very efficient and flexible mechanisms
for modelling the system dependencies and user-evoked changes [25]. Moreover,
layered graphs are very useful for describing particular points within the story
[26]. It is due to the fact that the states of the world elements are divided into
separate layers, and graph edges correspond to different dependencies of the
system according to the layer type of connected nodes. The formal definition is
described in [27].

In presented system the model of a game consists of two separate graphs:
a graph model of the world state and a graph model of the gameplay. The
graph model of the game world (the World State Graph) is layered and hier-
archical. The four layers: layer of locations, layer of characters, layer of items
or layer of narrative elements represent objects of the given world. Connections
between objects are represented by edges, e.g. the edge between item and char-
acter means ownership, the edge between location and location means passage.
Node attributes represent object properties. Most player’s decisions are influ-
enced by his surroundings: location, elements placed there, as well as his own
belongings and attributes. That is why a specific graph structure is assigned –
a sheaf subgraph. This structure is most often used in graph operations, called
productions. The schematic view of world graph with the division into layers is
presented in the Fig. 2.

3.1 User decision as graph production

The events which change the game world, evoked by the player as well as external
factors, can be easily represented as graph rules, also known as productions. A
production is a pair of graphs called the left-hand side and the right-hand side
of the production. The player action is possible if there is in the world graph
subgraph identical with the left-side of the production and is implemented as
replacing the right side of the production and its embedment.

The structure of the vertex information and relations between vertices in
JSON format is shown below.

"L_Side": { "Locations": [ {"Name": "Accident scene",

"Attributes": { }, "Characters":

[ { "Name": "Hero", "Items": [ { "Id":"Phone"} ] },

{ "Name": "Victim","Attributes": { "Conscious": 0},

"Characters": [ ], "Items": [ { "Id":"Id card"}] } ],

"Items": [ ], "Connections": [ { "Destination":

"Emergency service","Attributes": { "Type":"Phone call" } } ] }

{ "Name": "Emergency service", "Connections":

[ { "Destination": "Accident scene"} ] } ] }
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Fig. 2. Implementation of World State Graph in the Godot game engine.

Application of the production to a given World State Graph causes replace-
ment of the nodes of the left-hand side by the nodes of the right-hand side and
their embedment in the World State Graph. The first step of applying the pro-
duction is to match, i.e., to fit the left-hand side to the World State Graph. A
successful fit means that there is a subgraph in the WSG which is equal to the
left-hand side graph.

3.2 Gameplay graph

The sequence of players action is one of the most important elements of player
evaluation. Possible sequences of available productions are used to describe the
designed scenarios. The initial state of the world graph allows for these sequences
to be generated by player or by testers (manually or semi-automatically, using
graph matching functions). The graph of the all possible sequences give us the
model of gameplay.

4 Applying graph-based method for the interpretation of
user activities in serious games

The example shown below concerns the application supporting the CPR training
for OSH (Occupational Safety and Health) courses for employees and helps to
evaluate the user’s competences after the training. The system is implemented
in Godot engine 3.2.3 and graph information is stored in JSON format.

The application of the proposed idea in which we combine the concept of
using layer graphs to describe the course of a serious game with the Bayesian
Knowledge Tracking method is presented below. A fragment of a serious game is
described, in which the protagonist (the player) has to undertake a rescue action,
taking into account the knowledge and skills related to performing CPR (car-
diopulmonary resuscitation) (Fig. 3). The following graph productions describe
possible actions and their results. In particular, the red node denotes the death
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of the injured person and the green one – the success of the rescue operation.
The scene (quest) starts at the gray node marked with the number (1).

Fig. 3. Gameplay graph describing simple CPR scenario in educational serious game

Description of the nodes: (1) The accident happens; (2) Another actor takes
over initiative; (3) Player checks victim’s breath; (4) Player engages in idle activ-
ity (eg. plays games on their cellphone, ignoring victim); (5) Player falls into de-
spair (consequently ceasing the aid); (6) Player checks victim’s pulse; (7) Player
calls an ambulance by the phone; (8) Player takes instructions from the dispatch;
(9) Player delivers rescue breath; (10) Push hard, push fast...; (11) Arrival of
the medical assistance; (12) Loss of strength; (13) Patient is saved; (14) Patient
dies.

In the challenge presented above, the following production series are possible:

(a) 1-3-2-13 (success)
(b) 1-3-6-7-9-10-11-13 (success)
(c) 1-3-6-7-8-9-10-11-13 (success)

(d) 1-3-6-9-10-12-14 (defeat)
(e) 1-4-14 (defeat)
(f) 1-5-14 (defeat)

It’s worth noting that the scenario 1-3-6-9-10-11-13 is impossible. If an am-
bulance is not called (7), help will not arrive in time and the action will end in
failure (14).

Now we can apply Bayesian Knowledge Tracing methods to provide means
for interpreting various outcomes. For the purposes of this example, we will not
build a matrix with weights assigned to particular nodes since it would require
the expertise of a domain specialist and conducting tests. We will limit our-
selves to showing some dependencies in terms of parameters previously defined
as interesting for us. Thus we can conclude that:

– in the case of (a) – p(L) remains unknown; p(T) is very low; p(G) is unknown;
p(S) is unknown;

– in the case of (b) – p(L) is the greatest among all scenarios; p(T) is highest
among all scenarios; p(G) is very low due to length of the chain of produc-
tions; p(S) is not applicable;
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– in the case of (c) – p(L) is lower than in (b) but higher than in other cases;
p(T) is lower than in (b) but higher than in other cases; p(G) is very low
due to length of the chain of productions; p(S) is not applicable;

– in the case of (d) – p(L) is highest among all failed scenarios; p(T) is the
highest among all failed scenarios; p(S) is very low due to length of the
chain of productions; p(G) is high due to only one mistake made that lead
to failure (skipping (7));

– in the case of (e) – p(L) is unknown (attitude is low); p(T) is very low; p(G)
is practically not applicable; p(S) is very much not applicable;

– in the case of (f) – p(L) is unknown (ability is low); p(T) is very low; p(G)
is practically not applicable; p(S) is not applicable;

Writing the correct numerical values (multipliers) to the above general state-
ments will automate the process of assessing the probability p(C) – that a given
skill will be correctly applied in the next test case. Of course, it is essential to
test knowledge, skills, abilities and attitudes many times in different contexts.
But the very construction of a serious game based on a generator in the form of
a layered graph makes it easier and enables it. In the section 3.1 the example of
a JSON code was presented to describe a test situation followed by the example
of implementation in a game engine (Fig. 2). Innovation of the presented idea is
also in the ability to represent user’s contextual information in the form of game-
play reports generated after the simulation. Graphs and probabilities provide an
effective generalized language of communicating the user’s skills, knowledge and
abilities in a varied context. In proposed solution input block visible on the left
side of the Fig.3 represents the moment of selection of the context of simulation;
output block represents the process of writing contextualized data into a gener-
alized database from which the further compilation of the results is possible.

5 Conclusion

The article above presents a way to describe the structure of a serious game
using layer graphs. Furthermore, it describes a method proposed for combining
mechanics with a statistical measure, which is used to evaluate the educational
progress of the player. Of course, there are many possible vectors for further de-
velopment of the concept above – one can mention such issues as the automation
of metrics construction, various possible strategies of the user’s model fitting –
including predictions in the scope of the application’s operation. There is also
the question of whether is it possible to estimate p(S) – slip, and p(G) – guess
using the context [19]. The next step of the presented system development is to
propose the same narrative structure but with the different production sequences
to evaluate different fields of the skills and knowledge for different types of users.

As shown above, the graph based system of representation of important game
objects and events can be effectively and profitably used to support computer
based educational evaluation tools.
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3. Serrano-Laguna, Á., Manero, B., Freire, M., Fernández-Manjón, B.: A methodology
for assessing the effectiveness of serious games and for inferring player learning out-
comes. Multimedia Tools and Applications, 77(2), 2849-2871. doi:10.1007/s11042-
017-4467-6 (2017).

4. Sicart, M.: Defining Game Mechanics. Game Studies. The International Journal of
Computer Game Research. 8. (2008).

5. Aarseth, E.: I Fought the Law: Transgressive Play and the Implied Player. From
Literature to Cultural Literacy, 180–188. doi:10.1057/9781137429704 13 (2014).

6. Mislevy, R. J., Almond, R. G., Lukas J. F.: A brief introduction to evidence-centered
design (cse report 632), CA: Center for Research on Evaluation, Standards, and
Student Testing (2004).

7. Winn B.: The Design, Play, and Experience Framework, Hershey (2009).
8. Compton K., Filstrup B., Mateas M.: Tracery: Approachable story grammar au-

thoring for casual users. In Papers from Seventh Intelligent Narrative Technologies
Workshop (INT 07), pp. 63–67 (2014).

9. Compton C., Kybartas B., and Mateas M.: Tracery: an author-focused generative
text tool. In Interactive Storytelling (ICIDS 2015). Lecture Notes in Computer
Science, Vol 9445. Springer, Cham. https://doi.org/10.1007/978-3-319-27036-4 14
(2015).

10. Grinblat J., Bucklew C. B.: Subverting historical cause & effect: genera-
tion of mythic biographies in Caves of Qud. In Proceedings of the 12th In-
ternational Conference on the Foundations of Digital Games (FDG ’17). As-
sociation for Computing Machinery, New York, NY, USA, Article 76, 1–7,
https://doi.org/10.1145/3102071.3110574 (2017).

11. Jason Grinblat and Bucklew C. B.: Warm Rocks for Cold Lizards: Generating
Meaningful Quests in Caves of Qud. In: Experimental AI in Games Workshop (AI-
IDE 2020).

12. Adams T.: Secret identities in dwarf fortress. In: Proceedings Experimental AI in
Games (AIIDE 2017), 22–25 (2017).

13. Tarn Adams T.: Simulation principles from Dwarf Fortress. In: Game AI Pro 2:
Collected Wisdom of Game AI Professionals, pages 519–521. CRC Press (2015).
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