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Serious Gaming for

Behavior Change:
The State of Play

Serious gaming guides targeted behavior change to improve behaviors
in everyday living. This survey of the field focuses on two case studies—
one game aims to improve the social behavior of autistic children, and
the other helps migrants interact with locals.
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erious gaming is often described

as the use of digital gaming tech-

nology to address a specific set of

learning objectives or behavioral

goals. Such games seek to build on
the increasingly pervasive role games play
as an entertainment medium, providing an
engaging and entertaining way of commu-
nicating educational content along with effi-
cient behavior analysis. As Richard Lingard
once said, “If you would read a man’s Dis-
position, see him Game; you
will then learn more of him in
one hour, than in seven Years
[of] Conversation.”!

In this sense, serious games
hold great promise for behav-
ior analysis of human players.
Moreover, they can encour-
age positive behavior change
in a playful and pleasant
way—something games have
sought to achieve in a variety
of ways. Common is the cen-
tral role the game plays as ei-
ther a medium for conveying
educational messages or for encouraging cer-
tain activities through game-based elements,
such as competition or rewards. However, a
significant challenge has been getting the play-
ers to apply the changed behavior in the real
world. Pervasive computing can help over-
come this gap, letting players at times learn

the behavior in the environment in which it
must be applied.

Furthermore, although serious games show
great application potential for individuals on
the autistic spectrum or for other target groups
that experience difficulties in human-to-human
communication, current games for behavior
change rarely address human-to-human inter-
action. This would require a holistic approach
that takes into account behavioral cues from
multisensory input—possibly including speech,
video (facial expressions and gestures), and
physiological sensors.

In this light, we first examine the state of
play in serious games, focusing on affective
analysis—that is, the recognition and analysis
of players’ emotions. We then present two ex-
emplary case studies from the context of teach-
ing appropriate behavior in human-to-human
interaction and consider how to exploit mobile
computing for automatic, multimodal analysis
of human behavior.

Behavior Analysis and Feedback

Here, we explore how knowledge transfer,
gamification, and social learning can help in-
duce behavioral change. Two unique traits of
games make them particularly interesting as
tools for analyzing and changing player behav-
iors. The first is their universal appeal and abil-
ity to reach certain demographics traditionally
resistant to other forms of direct messaging or
intervention, such as adolescents. The second



is their ability to capture and retain a
user’s attention for a significant time
period. Consider, for example, the av-
erage 90-minute use of the online se-
rious game Code of Everand, which
has 100,000 players, compared to the
three-minute visit duration shown for
many static websites.?

Yet knowing how to fully use this
contact time to achieve a behavioral
outcome without compromising the
“fun” of the game remains a demand-
ing task—in particular, because behav-
ioral outcomes can prove difficult to
measure. Self-reported planned behav-
ior often deviates from observed be-
havior,? and observing large samples
over an extended period of time is sel-
dom practical. However, it might be
possible to glean some insight regard-
ing the behavioral impact of a serious
game by analyzing the player’s inter-
actions in the game itself. The notion
of video games as research instruments
is well established,* yet how to under-
stand the unique data that can be cap-
tured through play remains a central
research topic.

Players might adopt an “intuitive” ap-
proach to play, whereby they willfully
explore wrong choices and worst cases
as well as correct actions, so understand-
ing their level of knowledge or attitude
is likely not as simple as equating this
to the “correctness” of their in-game ac-
tions.® Indeed, a behaviorist paradigm,
in which a game attempts to replicate
intended behaviors in a virtual or gam-
ing context, has been argued as ineffec-
tive in many cases, because players seek
to defeat the game by circumventing
rather than attaining its intended behav-
ioral outcomes.® It’s thus important to
explore how large-scale capture of data
from players might be ethically achieved
and used to more effectively identify be-
havioral and attitudinal trends. Subse-
quently, games might be adapted either
to individual users’ or in response to
findings of large-scale user studies.

Several models have been employed
in serious games seeking to invoke a
change in the players’ behaviors.

Knowledge Transfer

The first model is based on knowledge
transfer—that is, conveying educa-
tional content to learners to better in-
form their decision making based on
knowledge of the consequences of a
certain behavior. This can be particu-
larly effective with younger audiences.

In a randomized control trial, re-
searchers observed a positive behav-
ioral outcome in young cancer patients
who played the game Re-Mission,
compared to an entertainment game
serving as a placebo.? In this case, the
game sought to educate players about
the nature of their cancer and its treat-
ment to help them adhere to treatment
programs with short-term negative
side effects but long-term benefits.
Thus, the behavioral model underpin-
ning this game was one of information
transfer, exploiting the engaging and
entertaining medium of the game to
appeal to a young audience that might
be more resistant to less immersive
materials.

A similar route has been taken with
games tackling childhood obesity,’
which encourage exercise through
gaming by integrating emerging gam-
ing hardware for an active user ex-
perience.'? Although the benefits in
terms of energy expenditure might

not be greater than activities that
occur outside the confines of a digital
gaming environment, mobile devices
and alternate-reality-based gaming
increasingly allow novel approaches
to combining gaming with active
lifestyles.!1-12

However, in some areas, knowl-
edge transfer alone is unlikely to re-
sult in significant changes in behavior.
One example is road safety, in which
studies have shown that in developed

countries, such as the UK, the problem
doesn’t stem from a lack of knowledge
but rather a failure to routinely apply
such knowledge in practice.!3 There
are multiple causal factors behind
this, such as social pressure, percep-
tion of risk, and negative reinforce-
ment cycles, where unsafe behavior
goes unpunished until a serious acci-
dent occurs.'* More generally, these
factors can be applied to a wide range
of public health issues, such as smok-
ing and obesity.

Environmental concerns also can be
related to scenarios where individuals
know the correct behavior but fail to
apply it, leading to effects such as the
“tragedy of the commons,” whereby
individuals’ knowledge of the long-
term consequences of their collec-
tive actions is outweighed by their
short-term individual gain.'> A range
of projects have sought to encour-
age individuals to lower their con-
sumption by transferring information
through play,'® using location-based
services,!” or applying pervasive ap-
proaches that link consumption
monitoring to game mechanics.!8
As with healthcare, younger people
are a target audience—many serious
games tackling power consumption
were explicitly developed with such

an audience in mind. However, such
games might also be used to improve
public engagement.!®

Gamification

More generally, gamification might
serve as a means to create incentives
without incurring costs, rewarding peo-
ple with virtual trophies, achievements,
or other rewards given intrinsic value
through peer recognition. Many online
communities reward positive behaviors
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with such awards, and the interface be-
tween a real and virtual community
could prove to be fertile ground for ex-
ploring how virtual rewards might in-
fluence real-world behaviors.

A study of gamification in a mobile
context for university students dem-
onstrated both the potential of the
approach to engage students and its
drawbacks.?® Game-based approaches
aren’t universally welcomed and, in
this case, could be perceived as making
a learning resource less valuable—for
example, adding game content that triv-
ializes or obstructs the pedagogical con-
tent. The “strictness” of game rules and
level of difficulty in this case were noted
as difficult to apply without leading to
usability issues—making the content dif-
ficult to access or presenting challenges
for creating a usable game interface in
addition to the educational design.

Given the recognized importance of
usefulness and ease-of-use in technol-
ogy acceptance,?! these findings sug-
gest gamification must be carefully and
selectively applied to avoid a negative
outcome. This could be achieved by
adapting the game to the individual—
for example, letting users choose be-
tween the initial resource and its gami-
fied form (although this assumes users
could introspectively select the ideal
resource for their learning needs—a
theory partly contradicted by some
studies??). A more comprehensive so-
lution should thus seek to better un-
derstand the learner to provide the
optimum resource—a task that’s the
subject of continued research.?3

Across sectors, an important research
objective is understanding how to use
the rich data collected during play to
adapt, personalize, and enhance the im-
pact of serious games on specified be-
havioral objectives. Effective feedback
is central to the efficacy of learning and
behavioral outcomes in a range of stud-
ies. For example, a minor adjustment
to the implementation of feedback dur-
ing the development of the serious game
Triage Trainer showed a significant im-
pact on overall efficacy.?*

From these findings, we created a
model that expresses the multiple levels
of game-based feedback using an estab-
lished generic framework, noting that
while games can readily support imme-
diate, evaluatory feedback to learners,
higher levels of interpretive, probing,
and supportive feedback either require
sophisticated machine-driven analy-
sis techniques or the involvement of a
training professional. Supporting such
professionals, and adopting a tutor-
centric as well as a learner-centric view
of serious games, are key components
of an effective development methodol-
ogy.?® An experiential viewpoint based
on Kolb’s established, cyclic model of
learning, in which action and experi-
ence are met with reflection and con-
ceptualization,?® can be complicated
by the level of abstraction a game in-
troduces. To address this feedback, we
must recognize and adapt to the learn-
er’s capacity to learn independently,
as well as ensure a continued match
between learner ability and task diffi-
culty, thereby inducing a “flow” expe-
rience in which the learner exclusively
focuses on task.?’

Social Learning

A wide range of studies have sought to
examine and identify behaviors unique
to social networks constructed in online
games. Relationships formed in gaming
communities might prove shorter term
and less stable than those in nongam-
ing environments, but they might also
prove more task-centric and engag-
ing.?8 Peer- or e-leader-driven gaming
communities might offer another ave-
nue for engendering behavioral change
through social learning principles and
paradigms.?® As social networks are
increasingly used, how these networks
might best be understood and used to
create models for social change is a
topic of ongoing research for the de-
ployment of games.

Case Studies
Here we present two serious games that
exemplify how the next generation of

such games might improve the quality
of life of individuals experiencing diffi-
culties in human-to-human interaction.
We focus on the automatic analysis of
(affective) behavior—that is, teach-
ing individuals to “hit the right note”
in their verbal and nonverbal expres-
sions, including emotional expressiv-
ity, speaking style, and body language.

Autism Spectrum

Condition Inclusion

The first example aims to help individu-
als with Autism Spectrum Conditions
(ASC), who often have social commu-
nication difficulties and restricted and
repetitive behavior patterns. The affin-
ity of most individuals with ASC for
a computerized environment has led
to several attempts to teach emotion
recognition and expression and social
problem solving using computer-based
training. Because intervention is more
effective early in life, a playful serious
game approach to support children
with ASC could significantly promote
their social inclusion.

The European ASC-Inclusion project
(www.asc-inclusion.eu) is creating and
evaluating the effectiveness of such an
Internet-based gaming platform. The
ASC-Inclusion software combines a
virtual game world with affect and be-
havior analysis by users’ gestures and
facial and vocal expressions using a
standard microphone and webcam for
affective and social behavior training
through minigames (see Figure 1). The
exercises are partly “karaoke”-style
imitation tasks of audio and video
clips that display target emotions from
private and social categories. Feed-
back is given, and in free exercises, the
children’s affect is measured by face,
vocal, and body gesture analysis, and
information is given to them in a di-
mensional arousal and valence emo-
tion space.

With a mobile, distributed approach,
the children can receive feedback in ev-
eryday life situations, and the game can
give tasks for real-life social situations.
In addition, parents and therapists can



receive online updates and feedback. As
a first step in this direction, the game
distributes the vocal affect analysis.
Additionally, users can play “on the
road” on smartphones, because the
game runs on an Internet browser.

Social Inclusion and
Empowerment of Immigrants

The second example is the European
project on mobile assistance for social
inclusion and empowerment of immi-
grants with persuasive learning tech-
nologies and social network services
(called Maseltov; www.maseltov.eu).
The project recognizes the major risks
for social exclusion of immigrants
from the local information society and
identifies the huge potential of mobile
services for promoting integration and
cultural diversity. Anywhere, anytime
pervasive assistance is crucial for more
efficient and sustainable support of
Immigrants.

Innovative social computing ser-
vices that motivate and support infor-
mal learning for the appropriation of
highly relevant daily skills can foster
language understanding, local commu-
nity building, and knowledge of cul-
tural differences. These information
and learning services are embedded in
a mobile assistant—they comprise, for
example, ubiquitous language transla-
tion, navigation, and administrative
and emergency health services, which
address activities toward the social in-
clusion of immigrants in a pervasive
and playful manner (see Figure 2a).

In addition to a virtual world,
Maseltov develops a mixed reality
game in which the user applies his or
her language skills in various critical
situations, such as shopping and navi-
gating in the urban environment (see
Figure 2b). The mobile service helps
the user in these situations and receives
feedback from the user to measure
and estimate performance success. The
smartphone senses the success of an
applied dialogue in terms of the user’s
emotions and frustration in situ, using
recent audio-based affective computing.

) ASC-Inchawon Voxce Ansyzer
Fde  Opmons

Zoewiren, e mon b sble 1o hice sl 8 2ert ol e 3 There

WA WO T O W T SN ORS00 0
1048 0 304 13 100 & 3 330 S LFE HUNING 3XERI0N
cen Hawwr, Bwrs e roes woen e rcce B Be eUgh
070 0N 0 00 £ SN0 % F0 2000 103 LAV QY

oerienla Mode Selecton
. Corrmct P Froa Mose V] Enerone Mode Py St a

cuaperee

(c)

(d)

Figure 1. The European Autism Spectrum Conditions (ASC)-Inclusion project: (a) the

virtual game world research camp, where the child plays a scientist researching on

emotion, (b) one of the contained minigames (the child must match facial expression

and speech by emotion), (c) the karaoke-style emotion training, and (d) a reward (a

collectible card with one of several planets and its description).

Advanced human factors studies with
wearable interfaces are further applied
to extract the decisive parameters of
affective- and attention-oriented au-
dio content. Next, data from wearable
eye-tracking glasses is interpreted with
semantic 3D mapping of attention,3°
biosignal sensing, and classification, au-
tomatically extracting the decisive pa-
rameters for dialogue evaluation. The
user can gain credits in the serious game
for practicing dialogue.

Maseltov embeds an easily scal-
able context-recognition framework3!
that receives input from various
context-generating components, such
as modules that indicate a current lo-
cation or the level of learning a host

language. The framework evaluates the
user’s behavior and maps it to appropri-
ately motivating actions in the form of
recommendations. From long-term dia-
logue assessments with multimodal mo-
bile context awareness on the basis of
affect and attention-sensitive services,
the framework classifies the recent
migrant’s language learning behavior.
The recommender system then instan-
tiates—according to the individual hu-
man-factors profile and measured per-
formance—personalized motivating
games to change the user’s behavior.
For example, to reinforce training on
how to interact with local citizens, the
system increases rewards for dialogue
that supports activities—for example,
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Figure 2. The Maseltov mixed-reality game: (a) the virtual world where players first

train in a playful way and (b) the pervasive embedding of real-world interactions

and tasks that are evaluated for assignments of coins in the virtual world.

by doubling virtual credits in return for
dialogue-specific language learning and
measured communication in shopping
scenarios.

Game Behavior
Analysis: Going Mobile
Next we sketch the challenges and op-
portunities of serious gaming in terms
of enabling affect and behavior analysis
in mobile and pervasive environments.
As the case studies show, analyzing
players’ behavior, basic emotions, and
more subtle “states”—such as interest,
confusion, frustration, or stress—can be
of vital importance in a serious game. In
addition to exploiting a voice record-
ing, we can also exploit video from a
smartphone camera3? or physiological
measurement from mobile sensors.>3
A particularly engaging form of be-
havior analysis is to blend the game
with real-world events, but this re-
quires the ability to analyze a player’s

(affective) behavior “in the wild.”3* In
particular, it concerns real-time and
incremental analysis to provide low-
latency system responses to changes
in the user’s state. A prototype of such
real-time, incremental human behavior
analysis has been successfully imple-
mented in the Semaine system (www.
semaine-project.eu).

Mobile behavior analysis might
also foster increased usage. For ex-
ample, use of automatic speech rec-
ognition has greatly increased owing
to its deployment in mobile services.
In a virtuous circle, its usage in daily
life has increased the availability of re-
alistic data for research and develop-
ment of improved recognition technol-
ogy and of system self-improvement.3’
Thus, implementing mobile behavior
analysis applications opens an avenue
to remedy the scarcity of labeled, real-
istic data from the target domain and
target users.

Ready-to-use mobile affect recogni-
tion services are currently emerging.
Figure 3 shows a simplified view of a
human affect or behavior-recognition
system enhanced by a distribution for
shared mobile and server processing, as
used in the ASC-Inclusion and Masel-
tov projects. Components in a stand-
alone recognizer are depicted in blue,
while additional components required
for a distributed client-server archi-
tecture oriented on the ETSI standard
for distributed speech recognition are
shown in green.

Recoghnition System

The affect and behavior recognizer cap-
tures the input signals, which can in-
clude text, video, or physiological data.
The input signals can also include voice
data, similar to voice-based input in
console games, such as in N64’s Voice
Recognition Unit, which has been used
in Hey You, Pikachu!, Truth or Lie,
Rainbow Six: Vegas, Nintendo DS’s
Mario Party 6, and several singing and
Microsoft Kinect games. The input is
typically captured from sensors such as
microphone or camera and is (option-
ally) preprocessed to enhance the sig-
nal of interest in noisy and disturbed
conditions.

Low-level descriptors (such as spec-
tral bands or symbols) are extracted on
a frame-by-frame basis, where a frame
could be some range of time, between
10 and more milliseconds.3® Chunking
(segmentation) then refers to the pro-
cess of grouping frames into meaning-
ful units, such as words or connected
movements. This process is optional, if
dynamic or recurrent modeling is used
in the recognition step. Otherwise, after
grouping frames into chunks, function-
als such as statistical moments, percen-
tiles, or peaks, can be applied.

Semantic features, such as lexical
or action units and other behavioral
events, can be converted to a vector
space representation, generally result-
ing in frequencies of occurrence fea-
tures such as “bag-of-words” vectors.
An alternative is to use open-domain
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Figure 3. Schema of a mobile affect or behavior analysis system. We use s(k) to represent the signal at discrete time step k,

x for the feature vector, and y for the gold standard label. Components in a standalone recognizer are depicted in brown, while

additional components required for a distributed client-server architecture oriented on the ETSI standard for distributed speech

recognition are shown in blue.

online knowledge sources—for exam-
ple, to determine the words’ semantic
distance from affective or behavioral
concepts. In real-time systems, the
chunking has to be applied based on
human activity detection, which can
be already a challenging problem in
adverse environments. A database of
feature-vector-label pairs is used to
train the affect or behavior model and
potentially a temporal context model
used in classification or regression.
First results with affect recognition
on autistic children’s speech from the
ASC-Inclusion project suggest that
binary classification of arousal and
valence can be achieved with over
80 percent accuracy, while there’s
still room for improvement if a more
fine-grained emotion categorization is
desired (43 percent accuracy on nine
classes). In the context of serious gam-
ing for therapy purposes, these results
highlight the necessity of appropriate
confidence measures to prevent the sys-
tem from intervening inappropriately.

Ultimately, the information is for-
warded to the game. In the ASC-Inclusion

and Maseltov examples, gaming is
centered on emotion analysis. In other
games, the entry point might be at the
control of the dynamic difficulty set-
ting3” or the reaction of nonplayer
characters. Alternatively, the game state
can also be forwarded to the recogni-
tion engine as a contextual knowledge
provision—for example, if a stressful
or particularly emotional sequence
is started.

Distributed Client-Server
Architecture

Moving to a distributed architecture
can reduce the required transmission
bandwidth and decrease storage costs.
Information reduction also ensures
privacy, because not all (feature) infor-
mation—such as from a microphone
or camera—is transmitted. This is im-
portant considering the rather private
nature of affect and behavior. Com-
pression rates of 20 to 40 are feasible
without significant decreases in accu-
racy when applying a subvector quan-
tization algorithm.3¢ Figure 3 shows an
important feedback loop from result

encoding to feature encoding, because
the distributed architecture lets future
mobile services rely on existing mobile
services, generating behavioral features
and sending them to a server perform-
ing affect and behavior recognition, or
vice versa.

Ideally, affective user systems should
be free in their choice of a server-side
recognition engine. Although there
are already standards for distributed
speech recognition and generic com-
munication protocols, such as Web
services, we need standardized feature
extraction for affect and behavior rec-
ognition in general. Standardizing rec-
ognition results to be sent to the client
side for interpretation—in this case,
the serious game management unit—is
currently achieved using markup lan-
guages for describing behavior or affec-
tive states, such as the W3C’s Emotion
Markup Language (EmotionML).

Pursuing affect and behavior rec-
ognition “on the go” further implies
a need for environmental robust-
ness, particularly against (generally)
nonstationary noise sources and
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reverberation (in the case of audio
analysis) or rotation and low light-
ing conditions and occlusions (in the
case of video analysis). In addition to
compensating for such disturbances,
distributed recognition will need to
cope with various transmission chan-
nels and potential package loss. An-
other important feedback loop found
in this system architecture allows
continuous system improvement by
semisupervised and active learning,
which collect better-suited data from
the target group for labeling by the
system or for crowd sourcing.

Although a system such as the one
suggested in Figure 3 has yet to be
implemented, several parts already
exist: semisupervised learning, evalua-
tion of transmission noise, and noise-
robust processing,3® leading to mobile
engines.3’

ully automatic affective and
behavioral analysis and in-
game-feedback are possible
with today’s technology as
long as they’re used in “less” serious
games or with caretakers and pro-
fessionals kept in the loop at regular
intervals. In particular, pervasive so-
lutions can train the user in a playful
way in everyday life situations and al-
low close-to-real-life simulations. This
requires bringing affect and behavior
analysis “on the road,” which leads to
new research questions, such as how
to ensure low energy consumption or
exploit situational context knowledge
based on location sensitivity.
Furthermore, the rapid growth
of social networks increasingly of-
fers a platform for deploying games
to numerous users. Ethical methods
for data capture from these users,
coupled with analysis techniques for
interpreting the resultant “big data”
and subsequently adapting the game,
will play an increasing role in deliv-
ering more efficient and targeted so-
lutions. In parallel, going from mo-
bile to pervasive computing will, in

particular, address the questions of
localized scalability. In the long run,
e e s .

invisibility” can then be reached in
the sense that the gaming blends into
the real world in a positive sense—the
game stops unnoticed and the learned
behavior persists.

The research leading to these results received
funding from the European Community’s Seventh
Framework Programme (FP7/2007-2013) under
grant agreements 289021 (ASC-Inclusion) and
288587 (Maseltov).
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