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Abstract. One of the most challenging context features to detect when making
recommendations in educational scenarios is the learner’s affective state. Usu-
ally, this feature is explicitly gathered from the learner herself through ques-
tionnaires or self-reports. In this paper, we analyze if affective recommendations
can be produced with a low cost approach using the open source electronics
prototyping platform Arduino together with corresponding sensors and actua-
tors. TORMES methodology (which combines user centered design methods
and data mining techniques) can support the recommendations elicitation pro-
cess by identifying new recommendation opportunities in these emerging social
ubiquitous networking scenarios.
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1 Introduction

Recommender systems in educational scenarios can be used to support learning [1].
Their capability of observing learners’ behavior and making personalized suggestions
accordingly reaches its full potential when context is taken into account [2]. Further-
more, recommender systems are nowadays integrated in applications available in the
cloud, mainly following a centralized approach and produced at the recommendation
server [1]. Therefore, they can integrate information sources coming from different
components.

Context-aware ubiquitous learning is a computer supported learning paradigm for
identifying learners’ surrounding context and social situation to provide integrated,
interoperable, pervasive and seamless learning experiences [3]. Several studies have
reported on the benefits of context-aware ubiquitous learning, for instance in the
promotion of learning motivation [4] and the improvement of learning effectiveness
[5]. In this way, the learning system is able to sense the real-world situation of the
learners, interact with them and provide them with adaptive support accordingly [6].
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As discussed in [2], contextual information can be captured by sensors. However,
from the review done to 11 context-aware educational recommender systems and
reported in Sect. 2, it results that the automated gathering of contextual information
when dealing with learners’ affective states is still a challenge. This challenge is to be
tackled due to the interplay between the cognitive aspects of learning, the external
behavior showed by the learner and affect [7]. In fact, there are benefits in creating
sensor based personalized affective feedback for each individual student in a classroom
environment, and this can be done with minimally invasive sensors [8].

In this situation, there is a need to understand the human and social factors of
making recommendations in Social Ubiquitous Networking Environments (SUNE). By
SUNE we refer to those environments that support social interactions and are inter-
connected through different networks (e.g., Internet and wireless local networks) and
provide advanced computing features, where computing is made to appear everywhere
and anywhere using any device, in any location, and in any format, involving sensors,
microprocessors, as well as new input/output user interfaces. There is a widely used
open source physical computing platform called Arduino1, which is characterized by its
flexible and simple to use hardware as well as a relatively easy to use C like pro-
gramming language. This prototyping platform seems appropriate for building complex
electronics at low cost, such as those that can support SUNE.

Thus, in this paper, we explore the potential of Arduino for delivering contextu-
alized recommendations in e-learning SUNE. First, we analyze the contextual features
considered in technology enhanced learning scenarios and how educational recom-
mender systems deal with them. Next, we review the usage of Arduino to deal with
contextual features, with emphasis on those that are the most challenging (i.e., affective
states). After that, we propose TORMES methodology to identify context-aware
affective recommendation opportunities in SUNE. Following, we discuss some open
issues identified, and end with some conclusions and the outline of future work.

2 Context in Educational Recommender Systems

As learning environments are increasing their diversity and richness, the incorporation
of contextual information about the learner in the recommendation process is attracting
major attention [9]. After discussing several approaches to categorize the context,
Verber et al. have proposed a context framework that considers 8 categories (i.e.,
computing, location, time, physical conditions, activity, resource, user, and social
relations) for classifying context-aware recommender systems in technology enhanced
learning scenarios [2]. In order to understand how recommender systems deal with
context in educational scenarios, we have analyzed those found in our review of the
literature. Table 1 compiles the 11 educational recommender systems analyzed. For
each of them, the analysis has identified the application scope, the context considered,
the recommendation approach followed and the evaluation carried out (if any). First,
they are chronologically ordered, and then by system name (when available).

1 http://arduino.cc/
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The application scopes identified (i.e., what is recommended) are peers [17, 20],
courses [11, 13], learning items (referred as activities, materials, contents, resources
and exercises) [10, 12, 14–17, 19, 20] and responses provided by pedagogical agents to
respond to learners’ affective and cognitive states [18].

Regarding the context, reported systems involve several dimensions of the afore-
mentioned contextual framework [2], as follows: (1) computing (dealing with net-
works, hardware and software characteristics) [13, 14, 16], (2) location (information to
place the learner, either at a high grain such as classroom, home or outdoor, or at a
lower grain by specifying geometric coordinates) [10, 14–16], (3) time (during which
contextual information is known or relevant, either at a higher grain such as week,
month, etc., or at a lower grain by given the time span) [10, 14, 16], (4) physical
conditions (environmental conditions where the system or user is situated, commonly
including measures for heat, light and sound) [10, 16], (5) activity (i.e., the task,
objectives or actions of the learner) [10, 14, 16], (6) resource (used for learning)
[14, 15], (7) the affective information within the user dimension [11, 12, 17–20],
and (8) social relations (describing associations, connections or affiliations between
two or more persons) [none].

Recommendation approaches followed are rules [10, 12, 16, 18, 19], predictive
models [11], recommendation algorithms [13, 15, 17, 20] and ontologies [14].

As for the evaluation, users were involved in the evaluation of less than half of the
systems analyzed [12, 14–16, 19]. Only in one of them (i.e., [15]) the effect of rec-
ommendations provided on learning effectiveness was statistically evaluated.

From this analysis of context-aware recommender systems in technology enhanced
learning scenarios follows that most recommendations focus on learning items,
affective information is the most common contextual feature considered while no
system dealing with social relations contextual features has been found, recommen-
dation approaches are mainly rules or recommendation algorithms, and the evaluation
of the learning effectiveness with statistical significance is hardly carried out.

Having this in mind, in the next section we analyze if affective recommendations
can be produced in educational context-aware recommender systems with a low cost
approach using the open source electronics prototyping platform Arduino together with
corresponding sensors and actuators.

3 Arduino Support for Contextualized Recommendations

Arduino is a tool for making computers sense and control the physical world, taking
inputs from a variety of sensors, and can affect its surroundings by controlling lights,
motors, and other physical outputs (i.e., actuators) [21]. Arduino projects can be stand-
alone, or they can communicate either with software running on a computer via a serial
communication or with an external component using various wireless mechanisms
(Wi-Fi, Bluetooth, GSM, GPRS, Xbee, etc.).

We have researched in the literature the usage of Arduino to produce context-aware
recommender systems that deal with related affective information. This implies two
perspectives: (i) gathering context information, and (ii) delivering context-based
feedback.
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Regarding context information gathering, we found 10 works that report the usage
of Arduino to gather physiological measures. Although in most cases the data collected
was not used to detect the affective state of the user, the same data can be used (as
reported in the corresponding works in Table 1) with these other purpose. Thus, in
Table 2 we compile the works found in the literature that use Arduino for gathering
physiological data and identify the system goal, the type of Arduino board, and the
sensors used. In addition, it is specified if sensors have been developed by the authors
or an available component was used, stating in the former case the manufacturer and/or
model. All works have been published in 2013, which suggests that this is an emerging
research line with a trend in the appearance of more research and thus, an opportunity
to be caught up by educational context-aware recommender systems. Works reviewed
have been ordered alphabetically with the first authors’ last name.

Works compiled in Table 2 take measures through physiological sensors that can be
used to detect affective states [33]. Additionally, some of them also consider physical
measures, such as movement with the accelerometer [23, 27, 32]. All the systems
analyzed (except [26]) include the validation of the system developed, showing that the
deployment carried out properly detects the physiological signals aimed to be recorded
with the Arduino infrastructure.

Regarding the delivery of context-based feedback, [33] suggests audiovisual
adaptation to reflect or evoke certain affective state in the user by making use of either
music or light. We have found 2 works in this respect. In [22], Arduino was used to
indicate with color lights (specifically, red-green-blue light emitting diodes - RGB
LEDs) the popularity of the recommended item (in this case, a bottle of wine). In [23],
the system provides an actuator, specifically a LED to give visual feedback to the user
through changes in the light conditions.

Although works reported are not specific for the educational domain, the usage of
Arduino in educational context-aware recommendations seems of interest to manage
contextual information about the learner. This information can be of value to deliver
affective recommendations in SUNE that take into account learners’ affective state.

4 Affective Contextual Recommendations in SUNE

From previous sections, it seems that integrating Arduino low cost infrastructure for
sensing the learning context is of potential interest in SUNE. In particular, it seems
feasible to build the physiological infrastructure for affective contextual information
gathering using Arduino boards and available physiological sensors, such as the e-
Health platform used in [29]. However, new recommendation opportunities in SUNE
that go beyond those already identified in technology enhanced learning settings have
to be identified. These are to take into account the possibilities of existing sensors and
actuators that can be used to deliver affective educational recommendations.

The works reported in Sect. 2 already provide some ideas for educational context-
aware affective recommendations. In particular, in [12] the following emotion-aware
recommendation rules are used: (1) if learner is engaged, deliver contents according to
subject’s learning progress and objective; (2) if learner is confused, deliver examples or
case studies in line with current knowledge; (3) if learner is bored, deliver video/music
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Table 2. Arduino works that deal with physiological signals. Physiological sensors acronyms:
ECG: Electrocardiography; EDA: Electrodermal Activity, EEG: Electroencephalography,
EMG: Electromiography; GSR: Galvanic skin response; HR: Heart Rate.

System Goal Board Sensors
BITalino
Guerreiro,

2013
[23]

Multimodal biosignal
acquisition for rapid
prototyping of end-user
applications in
physiological
computing.

Arduino Uno ECG (developed), EMG
(developed), EDA
(developed),
accelerometer (Analog
Devices),
phototransistor
(TEMT6000).

Kishore et al.,
2013

[24]

Recognize human
activities, such as if the
user is sitting or
standing.

Arduino Pulse Sensora to evaluate
HR variability.

Koga et al.,
2013

[25]

Capture the transition of
mental conditions.

Arduino Mega
ADK

EMG (Oisaka
Electronic), EEG
(Mindflex headset by
Mattei), HR (Polar).

Lotlikar et al.,
2013

[26]

Help people measure vital
signs at home and keep
their record.

Arduino
Duemilanove

Pulse, skin temperature,
blood pressure
(manufacturer not
specified).

Lung et al.,
2013

[27]

Person monitoring to
extract behavioral
patterns for assistance.

Arduino
ChipKit
Max32

HR (chest belt BM-
CS5R) and
accelerometer (EZ
Chronos watch).

Mansor et al.,
2013

[28]

Remote health monitoring
system.

Arduino Uno Body temperature
(LM35); HR also
considered but not
reported.

Orha and
Oniga, 2013

[29]

Assessment of health
status for disease
prevention. Emotion
determined from GSR
data.

Arduino Uno Body temperature, blood
pressure, respiratory
rate, ECG and GSR (all
from the e-Health
platformb)

Sinha et al.,
2013

[30]

Polygraph tests for lie
detection.

Arduino Uno GSR and HR (developed)

Rahim, 2013
[31]

Check the stress level on
the user.

Arduino Uno Temperature sensor (LM
35), GSR (developed)
and pulse sensor (same
as in [24]).

Roy et al.,
2013

[32]

Wearable electronic rescue
system that detects
abnormal condition of
heart as well as sudden
accidental fall.

Arduino Mega ECG (developed) and
accelerometer (ADXL
345).

a http://pulsesensor.myshopify.com/
b http://www.cooking-hacks.com/documentation/tutorials/ehealth-biometric-sensor-platform-
arduino-raspberry-pi-medical

280 O.C. Santos and J.G. Boticario

http://pulsesensor.myshopify.com/
http://www.cooking-hacks.com/documentation/tutorials/ehealth-biometric-sensor-platform-arduino-raspberry-pi-medical
http://www.cooking-hacks.com/documentation/tutorials/ehealth-biometric-sensor-platform-arduino-raspberry-pi-medical


according to subject’s preference to ease the tension; and (4) if learner is hopeful,
deliver music according to subject’s preference to enhance meditation. In [19], the
following examples have been identified: (1) learning the most difficult subjects is
recommended in the morning, leaving the easier ones for the evening, (2) limit contacts
with people who cause negative stress, (3) for students who get up in the morning in
bad mood get recommendations on ways to improve their learning efficiency, which are
different than those given when she is studying in the evening and in good mood. In
[20] some use cases are suggested: (1) recommend peer in good mood with adequate
level of knowledge and who felt the same sensations when carrying out the activity in
which the current learner is blocked, (2) if the learner is confused, recommend to read
related exploratory material, (3) recommend a resource accessed by similar learners (in
terms of having the same affective state when accessing other resources). Finally, when
pedagogical agents are used to deliver recommendations, the user’s affective state can
be considered when choosing the type of language for the character to talk at a given
moment [17]. In addition, in the pedagogical agent presented in [18], rules are also
dynamically adapted to each individual learner, such as if the current emotion is
classified as boredom and the previous emotion is frustration then the learner can be
told “Maybe this topic is getting old. I’ll help you finish so we can try something new”.

However, the above sample rules compiled from the literature do not consider the
particularities of SUNE, which aim to support social interactions and are intercon-
nected through different networks where computing is made to appear everywhere and
anywhere using any device, from any location and with any format. In addition, we
already commented in Sect. 2 that no recommender system dealing with social relations
contextual features was found in the review of the state of the art.

In order to identify recommendation opportunities in e-learning SUNE that prop-
erly take advantage of available contextual information, TORMES methodology can be
used. TORMES [34] follows the standard ISO 9241-210 and is based on: (1) user
centered design methods to gather educators’ tacit experiences in supporting learners
emotionally in e-learning scenarios, and (2) data mining techniques to detect learners’
emotional states during interactions with the system. Regarding data mining for
emotions’ detection, it follows a multimodal detection approach as described elsewhere
[35, 36].

To apply TORMES, we will contact some educators with experience in social
ubiquitous learning. In this way, we expect to elicit relevant SUNE scenarios where
educational context-aware recommendation opportunities are identified and managed in
terms of emotion-aware recommendation rules. The required infrastructure to deploy
these scenarios can take advantage of current progress in the field (e.g., cloud support
for the recommendation logic that automatically collects contextual information from
sensors). To cope with interoperability, a semantic modeling of the recommendations
elicited is to be done [37], which considers available emotional focused specifications,
such as W3C Emotion ML [38].

Contextual features such as sound, light, environment temperature and so on that
can also be managed with Arduino through corresponding sensors and actuators will be
specially taken into account as they can potentially enrich the way recommendations
are delivered. To facilitate the elicitation process regarding the recommendation pos-
sibilities offered to support ubiquitous learning, we are considering the use of the board
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Arduino Esplora,2 which already provides a number of built-in, ready-to-use set of on
board sensors and actuators for interaction. In particular, it has onboard sound and light
outputs, and several input sensors, including a temperature sensor, an accelerometer, a
microphone, and a light sensor. For testing other sensors and actuators, the Groove
system3 (which plugs into an Arduino) might also be an interesting option.

5 Discussion

Human factors such as users’ affective states matter during the recommendation pro-
cess in SUNE, for instance when rating a resource to feed content-based or collabo-
rative filtering recommendation approaches. Therefore, there is a need to automatically
gather this information with a low cost infrastructure so educational context-aware
recommender systems can take that information into account during the recommen-
dation process. However, although this is a relevant feature for building educational
context-aware recommender systems, the state of the art compiled in Table 1 shows
that existing recommenders do not have that capability. It is also relevant to note that
during 2013 several works have been published showing how Arduino open source
electronics prototyping platform was successfully used to measure physiological sig-
nals (although with different goals than those pursued by educational context-aware
recommender systems, mainly dealing with medical and health related projects4).
Therefore, this recent trend can also be followed for affective states detection with
Arduino based approaches.

However, several open issues exist. For instance, although sensors have been
shown to accurately measure physiological aspects, the translation from physiological
aspects to affective states is all but straightforward. Thus, it has to be further researched
how accurate are these sensors in capturing affective states and how accurate do they
need to be to fit the recommendation delivery process. Moreover, even if these sensors
are very accurate, it has to be investigated how much can these measurements con-
tribute to the recommendation process and check if recommendations delivered get
perceptibly better by including affect in the prediction process. Finally, even if the
predictions get better by including affective states, it is also needed to evaluate if this
has an impact on actual learning and these potentially better recommendations indeed
translate into observably improved learning outcomes. In fact, evaluating adaptive
systems (such as recommenders) is very challenging, even more if they are deployed in
educational scenarios. This situation is also reflected in our analysis of the state of the
arte of educational context-aware recommender systems, as only 1 system from the 11
analyzed has attempted to verify an effect on the learning effectiveness. This requires
developing an appropriate user-centric evaluation framework for educational recom-
mender systems in SUNE, which should be informed by available approaches to
evaluate generic recommender systems [39, 40] as they can help to determine the

2 http://arduino.cc/en/Guide/ArduinoEsplora
3 http://www.seeedstudio.com/wiki/GROVE_System
4 http://medicarduino.net/
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behavioral and attitudinal improvements, as well as the potential mediating variables
that could explain these effects.

Another issue that requires further analysis deals with the implementation, that is,
how the different technological parts involved might work in conjunction to cope with
the scenarios obtained with TORMES. In particular, TORMES application will serve to
show the kind of learning scenarios (formal, non-formal, informal) that are best sup-
ported, the sensors that are to be used to capture the affective state, how the recom-
mendations are to be provided through appropriate actuators and how they should look
like, as well as the most appropriate context for Arduino based affect detection. Privacy
issues are also to be considered.

For a real world deployment, wearable electronics (which are included as part of the
users’ cloths or complements such as watches, bracelets or glasses) are to be used.
In this sense, there is already a wearable version of Arduino microcontroller called
Lylipad.5 LilyPad is a set of sewable electronic pieces designed to build soft interactive
textiles and it can also sense information about the environment and act on it.

6 Conclusions and Future Work

In this paper we have explored the potential of Arduino for producing contextualized
recommendations in e-learning SUNE and discussed if an Arduino prototyping
approach can help to identify the human factors involved in the recommendation
process, both in the input (i.e., detecting contextual information that reflects learners’
affective states) and the output (i.e., delivering the affective recommendation) within
the context in which the learner is placed.

Addressing affective issues is of relevance for e-learning SUNE as emotional
intelligence is “a type of social intelligence that involves the ability to monitor one’s
own and others’ emotions, to discriminate among them, and to use the information to
guide one’s thinking and actions” [41]. Additionally, social-affective information
seems to be of value for promoting the communication and collaboration among
learners [17].
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