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ABSTRACT

This paper reviews the current status of Learning Analyt-
ics with special focus on their application in Serious Games.
After presenting the advantages of incorporating Learning
Analytics into game-based learning applications, different
aspects regarding the integration process including model-
ing, tracing, aggregation, visualisation, analysis and employ-
ment of gameplay data are discussed. Associated challenges
in this field as well as examples of best practices are also
examined.

Categories and Subject Descriptors

K.8 [Personal Computing]: General—Games; K.3.1 |
Computers and Education]: Computer Uses in Educa-
tion; H.5.0 [General]: Human-Centered Computing

General Terms

Design, Measurement
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1. INTRODUCTION

With the digital evolution in education comes a neces-
sity for improving assessment strategies accordingly which
are integral to any learning process. As educational data
volumes increase and learning practices get more and more
diverse, finding appropriate evaluation techniques becomes
a challenging task. Although recent technological advances
also enable advanced tools for gathering and analyzing data,
research on how to best utilize this for enhancing learning
and assessment in novel educational settings still has many
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open questions [7]. The emerging fields of Learning Analyt-
ics (LA) and Educational Data Mining (EDM) attempt to
address these issues by exploring models and techniques for
making efficient and effective use of educational data. This
includes capturing, tracking, aggregating, analyzing, and vi-
sualizing/utilizing information about learners’ interactions
with learning content and their learning progress. Both
disciplines have the common goal of using these traces to
improve learning but their methodologies for exploring and
using data are slightly different. While EDM is more con-
cerned with analyzing and feeding data into automatic adap-
tation, prediction and recommendation algorithms, LA di-
rects more emphasis to appropriately visualizing these mech-
anisms for the user (instructor, instructional designer, insti-
tution, parent and/or learner) and empowering him/her to
interpret and intervene in the process [46].

Educators are increasingly recognizing the potential of
using digital games to engage students in interactive and
collaborative learning environments. Multimedia elements,
storytelling, challenge, competition, random access, parallel
processing, immediate reward and low level of threat are all
features which make many people prefer them to traditional
learning media [41]. In general, games that have a certain
positive goal beside entertainment (education, health pro-
motion, etc.) are referred to as Serious Games. Although
this paper focuses on educational games, other types of Seri-
ous Games can also benefit from analytics, e.g. for assessing
the engagement of players during the game. Making sure
that a Serious Game reaches the goal which was set by the
teacher/developer is not an easy task. Not only should en-
gagement and usability of an educational game be tested to
make sure people will use it long enough without getting
bored or frustrated, the learning outcome should also be as-
sessed. Even with careful design and heuristic evaluation
some issues are only discovered in user studies incorporat-
ing realistic settings. However, to justify the expenses of
using a Serious Game in a learning context, the game has
to be evaluated and its benefit has to be proven. This is
why developing good frameworks for the evaluation of Se-
rious Games is a topic addressed by many researchers [19].
Here using LA is often seen to be a relatively objective and
cost-effective evaluation approach compared to relying solely
on self-reports and pre-/post-tests. It also has the ability to
give real-time insight into possible shortcomings of an educa-
tional game. In addition to assessing games, the interactions
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of players during gameplay sessions can provide a lot of data
which can be used for identifying user attributes, strengths
and weaknesses. Due to their interactive and engaging na-
ture, Serious Games can thus be designed in such a way that
they can be used as effective measures of learner attributes
and learning progress and might outperform traditional tests
[18]. Here we are not only referring to games which explicitly
employ quizzes as learning elements but rather games which
have the evaluation mechanisms seamlessly integrated into
their game mechanics. The term Stealth Assessment has
been used to describe this approach [45]. Integrated into
Serious Games, LA could thus perfectly fit as a tool provid-
ing implicit insight into a learner’s knowledge state within
the game. The big variety of educational games poses a
significant challenge for defining a general methodology for
integrating learning analytics into serious games in an effec-
tive way [44]. We will therefore in the next sections present
several suggested solutions to this problem covering different
aspects like modeling decisions, data collection, reduction,
aggregation and analysis as well as effective use of results.

2. LEARNING ANALYTICS AND SERIOUS
GAMES

To successfully assess learning using learning analytics,
the learning domain, the application concept as well as the
learner should be modelled in a way which facilitates data
extraction and analysis. These models should preferably
also be stored in separate files in an easy-to-process format
[44]. In this regard existing models like the Competence-
Based Knowledge Space Theory (CbKST) are usually used
as a foundation [28, 17]. This theoretical framework requires
learning domains to be modelled as a prerequisite compe-
tency structure to make the process of inferring knowledge
states more efficient. Open Learner Model (OLM) [10] is be-
coming a popular term among LA researchers as it requires
presenting to the learner an understandable visualization of
his current knowledge state. Several studies have shown how
the OLM approach improves learning outcomes [50, 35]. In
some studies, the learner model was even made directly ed-
itable by learners. Using the Mobile Open Leaner Model the
learner can also “carry” his learner model with him/her and
exchange it with other students to facilitate peer tutoring [9].
Adaptive learning games, like adaptive tutoring systems, al-
ready need to employ a learner model for their adaptation
mechanism. One suitable model for this kind of games which
considers not only the knowledge state but also the player
type and the narrative aspects of the game is the concept
of Narrative Game-Based Learning Objects (NGLOB) [20].
Here the representation of context information consists of
a triple vector for each scene containing information about
the narrative context (how appropriate a scene is for which
step in which story model), the gaming context (how appro-
priate a gaming situation is for which player type) as well
as the learning context (all associated and prerequisite skills
of a learning situation). Dependencies between skills are
modeled as a graph based on the CbKST [28]. Before being
able to apply such an approach, relevant information should
exist and be appropriately structured to provide the follow-
ing models: A Competency Model, an Evidence Model and
a Task/Action Model [45]. The Competency Model should
present a fine-grained specification of competencies which
should be assessed. The Evidence model should relate dif-

ferent actions and behaviors of a player within a learning
game to the different competencies. In this regard, Do-
main Structure Discovery refers to the problem of mapping
tasks to knowledge components or skills [47]. Conceptualiz-
ing how a certain gaming context should be best designed
so that player actions required will result in measurable in-
ference about their competency level constitutes the Action
Model. This approach in designing learning environments is
referred to as Evidence-Centered Design (ECD) [34]. In ad-
dition to modelling learning, other aspects like engagement
are worth modeling in the case of evaluating educational
games.Therefore it is suggested to not only collect evidence
on the player’s state of knowledge using a so-called Skill As-
sessment Engine (SAE) but also considering his motivation
level through a Motivation Assessment Engine (MAE) as
well [24]. The process of integrating learning analytics into
a learning application is composed of several tasks:

2.1 Choosing Data

Determining which information needs to be extracted is
an essential step for using learning analytics. This depends
not only on the learning goals, setting and tasks but also on
the game genre, mechanic and platform.

2.1.1 Intensive vs. Extensive Data

One possible classification of data to be collected using
learning analytics depends on whether quantity or quality
is desired. Collecting data from a large number of users
with only few information gathered about each user results
in extensive data while focusing on a limited number of par-
ticipants to make deeper and more-detailed observation pro-
duces intensive data [21]. Extensive data is primarily for Ed-
ucational Data Mining where patterns are recognized across
large data sets while intensive data performs better at recog-
nizing patterns across multiple different data streams of one
and the same user over time. In some cases an approach
combining both intensive and extensive data may be best
as both complement each other ensuring that no significant
patterns are overlooked.

2.1.2 Single-Player vs. Multiplayer

Collecting data from multiplayer games poses its own chal-
lenges arising from the additional social component. Learn-
ers’ interactions in a collaborative learning environment,
within a Learning Management System (LMS) or a mul-
tiplayer Serious Game, are a rich source of data which can
be exploited using LA. Data extracted from similar environ-
ments can be fed into a social network analysis process to
identify aspects of collaborative learning through relations
and structures [37]. A diagnostic tool is presented in [27],
where social networking principles are used for in-class peer
assessment offering teachers a teacher supervision panel al-
lowing monitoring task solutions and filtering collected in-
formation according to their diagnostic or instructional in-
terest.

2.1.3  Generic vs. Game-Specific Traces

In [44] the authors define a set of generic traces which can
be extracted within learning game experiences for learning
analytics. The set consists of game traces (starting, quit-
ting and ending a game), phase traces (starting and end-
ing phases), meaningful variable traces (update of variables)
and input traces (clicks and key presses). The Game Start



trace not only contains information about the time the game
was started but also basic information identifying the user
and describing context and demography through technical
data. The Game End trace records when the game was
finished and, if the game has many endings, which ending
was reached. If the game is quit before reaching the end, the
Game Quit captures the context in which the session was in-
terrupted. Phase changes can also be mapped to storytelling
elements and are linked to sub-games or learning chapters
in a game. Here, the Phase Start and Phase End traces
can be used to identify when a phase has started /ended and
whether or not it was completed with success. Informa-
tion contained in input traces can be input source, type of
action and associated data. Similarly, the traces collected
and visualized in StoryPlay [44] are based on the theoret-
ical framework of the NGLOB framework described earlier
[20]. In addition to logging all user inputs, active variables,
and the time taken for each scene, the system records up-
dates to the internal state in all three adaptation dimen-
sions: storytelling, gaming and learning. This consists of
a history of visited scenes with their respective adaptation
algorithm parameters based on associated and prerequisite
skills, the narrative context as indicated by appropriateness
values, player attributes describing the player model and the
player’s skill state. Generic game logs provide valuable in-
formation which can be used to assess learning games and
identify strengths and weaknesses in their design. It also
makes comparing different games possible. However, not all
information is equally meaningful in all types of games. In
addition, games can produce huge amounts of partially irrel-
evant data which must be filtered for analysis. For a detailed
exploration and yet efficient analysis, it is thus recommend-
able to additionally tailor analytics to the specific game de-
sign features and evaluation requirements. Ideally, the game
should be designed with analytics in mind. In other words,
all major game mechanics in an ”analytics-efficient” design
are chosen in such a way as to directly reflect a learner’s skill
or behavior interesting in terms of evaluation [48] . An ex-
ample of such a game is Save Patch presented in [23] where
all player actions are tied to mathematical operations. The
logging structure for this game was also designed to ensure
no key information gets lost and no data significant to eval-
uation is overlooked. In [11], the authors suggest logging
data at the "finest usable grain size”, i.e. recording clearly
defined, unambiguous events sufficient for understanding the
context.

2.2 Capturing Data

To allow the integration of learning analytics, the game
platforms should be able to record game traces and are usu-
ally also required to allow sending them to external servers
for collection [44]. However, data useful for learning ana-
Iytics is not limited to activity logs created by the game
engine. Measuring engagement and learning can be done by
combining data from different sources.

2.2.1 Multimodal Learning Analytics

Today more advanced technologies and sensors can cap-
ture data with different modalities. For example, measur-
ing attention, effort and excitement within learning envi-
ronments can benefit from biometric data like information
about posture, facial expressions, eye tracking, pupil diam-
eter, skin conductance, heart rate, respiration and EEG sig-

nals [30]. There are many challenges associated with this
information-intensive approach. Not only can these types of
data usually only be collected from a small group of people,
but combining parallel streams of wireless data also pro-
duces complex and noisy results which are difficult to re-
duce and synchronize for analysis. On the other hand, this
approach helps to identify significant events which might
be overlooked using only extensive data. In addition, cap-
turing rich modalities of communication using multimodal
recordings (e.g. speech, digital pen, images and videos) can
also be especially useful for evaluating collaborative learn-
ing settings [39]. In fact, traditional analytics based on clicks
and keystrokes limit their integration into new technologies
which no longer depend on mouse and keyboard for their in-
put. An example of successfully combining multimodal data
streams is described in detail in [8].

2.2.2 Mobile and Ubiquitous Learning Analytics

Smartphones present a promising platform for learning
analytics because of their widespread availability and ease
of use, flexibility, multimodality and personalization which
makes gathering data much more natural and non-invasive
than traditional platforms. As the terms Mobile and Ubig-
uitous Learning are becoming more and more popular, new
terms like Mobile and Ubiquitous Learning Analytics are be-
ginning to arise [6]. Mobile Learning Analytics is concerned
with data of mobile learners resulting from their interactions
with mobile devices, learning materials and other mobile
learners while Ubiquitous Learning Analytics additionally
consider contextual information about learners and their en-
vironment such as time, location, activity, noise, light and
social environment. An example of an application which
makes use of context information for learning is SCROLL
(System for Capturing and Reminding of Ubiquitous Learn-
ing Log) [38]. Once the learner arrives at a place where s/he
had a learning session before, s/he is reminded of the topic
s/he learned at the same place. In addition, the learner can
also select to view his/her own or other learners’ learning
log history of a selected time period or around a certain po-
sition. Another interesting question arises for learning sys-
tems which can be used on both PCs and handheld devices.
The two versions of the software may not be identical, but
rather complement each other, with one of them being rec-
ommended to the learner according to the current location
or context [9].

2.3 Aggregating Data

After capturing extensive data from different users and
different sources, datasets should be merged for statistical
processing or data mining to be able to extract information
from it. For intensive data, aggregation is also required to
combine multiple streams of data captured by different de-
vices about one and the same user. A key challenge for this
process is the current lack of interoperability [12].

2.3.1 Aggregation across Users

Logs typically contain a large amount of data and thus
usually undergo preprocessing before they are ready for anal-
ysis. Structuring, segmenting, filtering and normalizing raw
data is done according to the application at hand. Using ses-
sion identifiers, data from different users can then be joined
into one central database. To enable this, the log files gener-
ated on all machines should be using the same data format.



There have been several attempts to standardize xml-based
formats of log files for educational data mining applications.
In [26], a data format for logging interactions of learners
with tutoring systems is presented. Similarly, a format for
encoding interactions within Computer Supported Collab-
orative Learning (CSCL) environments was introduced in
[15]. An example of aggregating logs of multiple players
in learning games was implemented for the tool StoryPlay
described earlier where playtraces from individual sessions
are combined into one comprehensive spreadsheet [42]. In
[43], the use of aggregation models is proposed which use
semantic rules to map game actions or states to meaningful
expressions under which similar events are grouped.

2.3.2 Aggregation across Modalities

When gathering multimodal data to enrich the interpreta-
tion of log files, researchers are faced with many challenges
during the aggregation phase [8, 15, 30]. Synchronizing
data captured in parallel using different devices is neces-
sary for observing behaviors at specific timestamps across
data streams and for analyzing situations, confirming claims
and drawing conclusions. Tools like Replayer are available
which enable synchronized play of streams they captured
and proved useful in such cases [36, 15]. In [8] the authors
describe their time synchronization process for coordinat-
ing the encoding of several video streams on different ma-
chines, having their clocks synchronized using Network Time
Protocol and communicating between processes using Smart
Flow module [32]. Video and Audio files were then encoded
into MPEG4 media streams. Digital ink files were hand
synchronized using the Chrono Viz multimodal analysis tool
with their corresponding audio-visual files. An approach for
synchronizing eye-tracking data and log events with EEG
signals was presented in [30], where they were imported as
hits at significant timestamps of the EEG traces to find cor-
relations across channels .

2.4 Analyzing Data

After the aggregation stage, data can directly be used for
reporting, i.e. statistics and abstracted overviews can be
provided to the instructor or the learner whose task would
be to extract useful patterns from the data. If the system
is to analyze data automatically, as the case with adaptive
educational games, then this stage is the most complicated,
especially in games as real-time processing is required for
personalization. Expressing it from the learning perspec-
tive, the gathered data should help get inferences about
general traits and abilities of the learner, his general knowl-
edge state, his situation-specific state, his learning behaviors
and his learning outcomes [40]. From the gaming perspec-
tive, measures to be derived are general game performance,
in-game learning and in-game strategies [11]. In the ECD
approach described earlier, the Evidence Model describes
the rules which govern the interpretation of in-game sources
of evidence to infer competencies. Usually, algorithms are
applied during learning sessions to update the competency
model of the learner according to achievements and fail-
ures exhibited at runtime or more complex heuristics. Here,
Bayesian networks can be used to update associated prob-
ability distributions of the different competencies [31]. In
the 80Days project [24], the modeled knowledge structure is
stored as a binary matrix, parsed at design time and then
loaded during gameplay into the runtime component of the

Skill Assessment Engine. According to the player’s game in-
teractions propagated by the Game Engine, the Skill Assess-
ment Engine updates probabilities of corresponding skills
whereas the Motivation Assessment Engine updates prob-
abilities of aspects related to the learner’s motivation like
attention and confidence. In [23], Cluster Analysis was used
to identify solution strategies and error patterns of players
from learning logs. Error patterns were further classified
into errors resulting from mathematical misconceptions and
those related to game strategies. The author of [44] specified
rules for interpreting semantic information from his gath-
ered generic game traces described earlier. The idea is that
by defining conditions on the variables like time spent on
tasks or phases, values of in-game-variables or more com-
plicated rules depending on the context, more insight into
game experience and learning achievements can be gained.
Similarly, it was possible, by focusing on certain intervals of
biometric data streams where certain significant events were
recorded in log files, to answer semantic questions [30]. Ex-
amples are finding out where the attention of the user was
directed when a certain event occurred or if certain phys-
iological responses are related to certain interactions. In
another study a model based on Markov logic networks was
proposed for recognizing player goals through their interac-
tion in non-linear games [16]. Prediction is in this regard
also a popular approach for analyzing logs. For example,
real-time affect can be predicted in learning games using
computational models as described in [29] or [22].

2.5 Deploying Results

Using inferences resulting from the interpretation stage
can be done in two ways: Either this information is commu-
nicated to the instructor or the learner to empower him/her
to make decisions on possible measures or interventions,
or they are directly fed into adaptation mechanisms im-
plemented in the game-based learning environment. The
system can respond by choosing the appropriate next learn-
ing object or narrative event (macro-adaptivity) and/or ad-
justing aspects within a learning task like task difficulty or
feedback type (micro-adaptivity) [24]. An example for mak-
ing use of logs for enhancing learning experience in learning
games through adaptation is Leo’s pad, a smartphone appli-
cation for children offering an early learning curriculum in
an interactive playful environment [49]. Along with this ap-
plication, Parent’s Pad provides parents with useful insight
into the learning activities and progress of their children.
Zoodles [1] is another example of a parent dashboard for
mobile educational games. Providing this kind of readable
information to guide a learning experience is one of the main
goals of LA. This is why a lot of studies were carried out to
identify how to best visualize log data and learner models
[13]. Hasse Diagrams are a popular way for graphically rep-
resenting competency structures. In StoryPlay, visualiza-
tion of logging information is realized using a replay compo-
nent as well as different real-time visualizations of narrative
structure, player model and skill tree, respectively. In [44]
clicks on the screen were aggregated and visualized using
heat maps to help identify which objects on the screen re-
ceived more attention. The learning analytics toolbox eLAT
[14] employs several visualization mechanisms which are not
specifically targeting games but cover many aspects inter-
esting for visualizing LA in Serious Games like real-time op-
eration, extensibility and interoperability. Authors of [33]



propose a technique for real-time learning analytics visual-
ization for educational games applied on the example of an
adventure game teaching computer networks. Two powerful
and popular web analytics tools available for free use which
can also be incorporated into learning apps and games are
Google Analytics [2] and Piwik [3].

Virtual worlds like Second Life [4] and OpenSimulator [5]
are increasingly being used for learning by creating immer-
sive learning scenarios making use of the natural and rich
environments and the multimodal and collaborative inter-
actions as well as logging reports they offer [25]. An exam-
ple for such a learning scenario is "Chatterdale Mystery”,
an English learning adventure game developed for Open-
Sim, is presented by the authors. Along with this game and
as part of the Next-Tell project, a teacher control center
software was implemented which offers easy-to-use tools for
aggregating, analyzing and visualizing log files generated by
OpenSim together with other sources within learning ad-
ventures allowing teachers to define and integrate their own
evidence rules.

3. CONCLUSION

In this paper, we have described the state of the art in
using learning analytics in the field of Serious Games. For
modelling knowledge and skills within Serious Games, suit-
able approaches like Narrative Game-Based Learning Ob-
jects (NGLOB) and Evidence-Centered Design (ECD) have
been investigated. Choosing which data is to be logged
in Serious Games depends on learning goals, setting and
tasks as well as game genre, mechanic and platform. Here
we can differentiate between intensive and extensive data,
single-player and multiplayer games and generic and game-
specific traces. Ideally, games should be initially designed
in a way where all game mechanics reflect learner states to
make learning analytics more efficient. As games are played
on different platforms and with different interaction mech-
anisms, relying solely on activity logs will not be suitable
for all kinds of serious games. This is why terms like Multi-
modal Learning Analytics and Mobile and Ubiquitous Learn-
ing Analytics have arised which have also been presented in
this paper as well as different tools useful for aggregating
data across users and modalities. Deriving measures from
gathered data can be done by defining conditions on generic
or game-specific variables and events which reflect aspects
like learning, strategies and motivation. In order to be used
in games, this analysis is required to be carried out and its
results deployed and/or visualized in real-time. Although
there is an increasing amount of literature on this topic,
there is a need for comprehensive guidelines, especially in
the critical domains of interoperability, multimodality and
mobility. Due to the complex nature of Serious Games, we
argue that more focused efforts from researchers are needed
for defining theoretical frameworks especially tailoring re-
search on LA to this rich learning environment.
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