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Abstract—Automatic recognition of user context is essential for a variety of emerging applications, such as context-dependent content

delivery, telemonitoring of medical patients, or quantified life-logging. Although not explicitly observable as, e.g., activities, an important

aspect towards understanding user context lies in the affective state of mood.While significant work has been done to assess mood,

most approaches require the use of customized sensors and controlled laboratory settings.In this work, we engineer a recognition

pipeline to recognize daily activities from commercially popularized wearable electronics. In turn, we use predicted activities to learn a

regression model capable of assessing user mood.Using only commercially popularized wearable devices, we enable the potential for

seamless deployment to the general public.Conducting a real-world study with a prototype system, we collect and evaluate data from

18 users, who provide over 93 user-days of labelled activity data.Regressing for mood based on predicted daily activities, we are able to

infer mood angles with a mean absolute error of 0:24p radians on the Circumplex Model of Affect.Comparing with benchmark

approaches, our approach outperforms with statistical significance and is validated for robustness against noise from activity

misclassification.

Index Terms—Context recognition, wearable computing, mood inference, activity recognition
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1 INTRODUCTION

AFFECTIVE states—manifested in short-term emotions, or
longer lasting moods—provide important indications

about our personal traits, sociability, and our wellbeing.
They can be warning systems to potentially harmful con-
texts we are in. As well, they can lead us to extend our
intellectual facilities of consciousness, perception, and rea-
soning [1]. Although affective states can be defined with
multiple concepts, such as emotion, core affect, or mood [2],
in this paper, we focus our discussions on the longer lasting
and less intense affective state of mood.

Technology-supported recognition of mood-indicating
signals augment our consciousness towards this important
aspect of our context, especially for when we are too busy to
explicitly recognize them ourselves. Paired with recom-
mender systems, we can be supported in developing coping
strategies. We envision the use of mood tracking software to
sense and track mood changes to send “nudging” reminders
to users. For example, this could be prompting users to
engage in physical exercise during stressful periods, reach-
ing out for social contact when depression is sensed, or sug-
gesting relaxing activities when prolonged tension is sensed.
Aside from benefitting healthy users, automaticmood recog-
nition could also provide significant applications in the

clinical setting. Long-term, naturalistic patient tracking
using consumer-based wearable electronics would greatly
improve the quantity and quality of patient data for clini-
cians. Too often, diagnostic assessment is performed based
on hypothetical question about the patients’ activity: “have
you been able to fry an egg?”, instead of direct, data-driven
observations of changes in behavioural activity. Hints
towards a diagnosis can be composed of subtle events. Indi-
cators can occur during sleep, in deviations in daily activity,
or in specific gesturing or twitches. This requires a careful
and holistic observation of the user—a task that can not be
performed by healthcare personnel in the clinic alone.

Since the pioneering work of Picard in establishing the
field of affective computing [3], researchers have attempted
to assess affective states through diverse modalities such as
voice [4], video [5], or physiological sensors [6]. However,
the use of these modalities still present significant levels of
intrusion into people’s lives, in terms of physical discomfort
or raising privacy concerns. With mood being expressed in
behaviour and daily activities, observing human activity is
a promising direction of research.

With the popularization of the smartphone, a great deal of
the population is already equippedwith awide range of elec-
tronic sensors. As such, the smartphone lends itself as an
ideal instrument to probe the user. Indeed, it has been suc-
cessfully employed for assessing external [7] and internal
signals [8] from the user. However, even though they pro-
vide a probe for many life situation, a study [9] reveals that
the phone is not in arm’s reach in 39 percent of the time.With
recent wearable devices (e.g., smartwatches) becoming more
popular, we see a the provisioning of probes that are being
worn in closer proximity to the user, aswell as withmaintain-
ing this proximity in temporal continuity.

With an ecosystem of wearable probes, subtle movement
such as gestures up to the location of the user, we believe a
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new opportunity is at hand for holistically capturing the
context, which can be paramount for inferences of the inter-
nal state of the user. Previously, we introduced an end-to-
end system capable of sensing and detecting a wide range
of activities in people’s day-to-day lives [10]. In this work,
we extend that activity recognition module by pipelining it
with an automatic mood recognition module. In other
words, we use the distribution of predicted activities from
the activity recognition module as the input to a novel rec-
ognition system that aims to automatically recognize
moods. Our intuition is that, what you do affects how you
feel. Using smart wearable devices, which are nowadays
ubiquitous and unobtrusive, we construct the pipeline from
sensor signals to activity predictions to mood predictions.

Concretely, our contributions in this work to extend [10]
are:

1) Using only commercially popularized wearable elec-
tronics without the need for additional custom hard-
ware, we present an end-to-end system capable of
detecting user mood based on automatically
detected daily activities.

2) We collect a new dataset consisting of smartwatch
and smartphone-based accelerometer readings, loca-
tion, and time from 18 subjects, recording a total of
93 user-days of activity-labelled data. The signifi-
cance of this dataset lies in its coupling of both activ-
ity and mood labels with sensor data, allowing us to
validate our processing pipeline from sensor data to
activities to moods.

3) We propose a natural way to evaluate mood infer-
ence based on the well-known Circumplex Model of
Affect [11], where mood is represented and inferred
via angular quantities. Our activity-based mood
inference approach shows promise as it achieves a
mean absolute error of 0:24p, where the possible
error range spans ½0;p�. We further illustrate that our
approach outperforms non-trivial benchmarks with
statistical significance and that it is robust against
noisy, predicted activity input.

Our paper is organized as follows: in Section 2 we pro-
vide the basis in which our work is founded from both
social psychology literature as well current ubiquitous
mobile sensing works. We discuss our system design in Sec-
tion 3 and describe our in-the-wild deployment as the col-
lected data in Section 4. Our activity classification and
mood inference pipeline, as well as its performance is docu-
mented in Section 5. Finally, we discuss existing challenges
and potential solutions in Section 6 and conclude in
Section 7.

2 RELATED WORK

From social psychology literature, early work of Clark and
Watson [12] and Stone [13] establish significant links
between the occurrences of daily events and positive or neg-
ative affect. Constructing a large range of potential events,
including sleep, activities, weather, irritants, and health
problems, certain daily activities were highly linked to
affective states. More recently, other researchers have found
further relationships between daily activities and self-

reported mood [14] in the general population [15], adoles-
cents [16], and depression patients [17], [18].

2.1 The Interplay of Activities and Mood

In previous studies, it has been found that certain activities,
the duration of those activities, their location and even their
sequence can influence mood. For instance, Bowen
et al. [19], from a study exploiting self-reported information
regarding exercise, sleep duration and leisure hours, con-
clude that maintaining sleep and physical activity carry
important mental health (as well as physical health) bene-
fits. Kim et al. [20] found that the optimal amount of physi-
cal activity associated with better mental health is between
2.5 and 7.5 hours per week. Mitchell et al [21] found that not
only do regular sport activities positively and significantly
correlate with greater wellbeing, but that physical activity
in natural environments (woods or forests) might produce
even greater mental health benefits than physical activity
elsewhere. Regarding the influence in mood of the order
and sequence of daily living activities, for instance, Veasey
and colleagues [22] found that breakfast before exercise
appeared beneficial for post-exercise mood, after a study of
twelve healthy active men.

Continuous recognition and tracking of activities may
serve as predictors of mood and wellbeing. Indeed, in the
past 10 years, many studies appeared based on actigraphy
[23]. However, practising experts healthcare still rely on
questionnaires, self-reported information or on pre-
designed protocols. Thus automatic activity trackers opens
up new possibilities for improving practise and uncovering
the relationship between contextual indicators (location,
time, etc.), activities, and mood.

2.2 Application of Ubiquitous Mobile Sensing

Self-monitoring techniques can assist people to understand
their mental health symptoms by increasing their emotional
self-awareness, which is an important therapeutic step in
most psychotherapies for depression and other mental ill-
nesses. Smartphone-based systems affords sensing in natu-
ralistic environments and ease of deployment to
population-scale scenarios. Certainly, previous research has
studied this potential. For instance, Morris et al. [24] found
that people using a mobile phone application that prompted
them to report their mood several times a day, and pro-
vided them with therapeutic exercises, quickly developed
coping skills. Similarly, Kauer et al. [25] observed the same
results on a study consisting of more than 100 subjects.

2.2.1 Activity Recognition

From the mobile sensing community, a recent survey by
Lane et. al. [7] discusses current work and the promise of
this emerging paradigm for activity sensing and recogni-
tion. For in-the-wild detection of daily activities, location
and time have been shown as important cues for activity
routine recognition. Early work of Liao et. al [26] uses raw
GPS traces with time to determine high-level routines of
users, such as “sleeping” or “working”. Another project is
CenceMe [27], where the activity of users are automatic
detected and shared on social media platforms. Tapping
population-scale external prior knowledge for activity
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recognition, Partridge and Golle [28] introduce the use of
results from the American Time Use Survey (ATUS) for
activity recognition. Recently, Borazio and Van Laerhoven
have investigated the use of population-scale time use data
to augment wearable sensor signals [29], [30].

A key sensing modality that researchers leverage activity
recognition is the 3-axis accelerometer sensor available on
most modern smartphones. In our work, we augment the
smartphone-based accelerometer signals with additional
accelerometer signals sensed from the Pebble smartwatch.1

Due to its fixed mount position to sense on-body motion,
our approach gathers a more holistic representation of user
motion.

2.2.2 Mood Inference

In the affective computing community, various approaches
have been explored for automated mood inference. As dis-
cussed by the survey of Zeng et al. [31], audio [4] or visual
approaches [5] have achieved promising results. However,
such approaches typically require external infrastructure
disallowing the possibility to sense naturalistically and
ubiquitously. Other approaches leveraging physiological
sensors have also shown promise [6], however, again at the
expense of necessitating additional custom hardware not in
possession of the general population.

Recently, researchers have developed innovative ways to
assess mood and personal well-being by leveraging the
ubiquitously possessed electronic device: the smartphone.
In the BeWell project of Lane et al. [32], smartphone sensors
are used to compute a comprehensive “wellness” index by
taking into account physical, sleep, and social levels. Of spe-
cial relevance for our work is the project MoodScope by
LiKamWa et al. [8], where smartphone usage statistics (e.g.,
number of SMS sent/received, duration of phone calls, etc.)
are used to infer the relatively persistent affect of mood.
Communication and social patterns include important char-
acteristics for mood assessment. In our work, we incorpo-
rate the recently popularized consumer electronic device:
the smartwatch. In addition to providing valuable on-body
acceleration signals, it also offers a seamless interface in
which users can provide self-assessment of activities and
mood. Our work complements [8] by focusing on physical
activities, a key indicator for mood as discussed in Sec-
tion 2.1. Extending a previous module that systematically
recognizes key activities spanning our day-to-day lives [10],
our work here evaluates the feasibility of also inferring
mood based on automatically recognized activities.

3 SENSING SYSTEM FOR ACTIVITY RECOGNITION

AND MOOD INFERENCE

In this section, we present the mobile system used to sense
relevant signals for the recognition of daily activities, which
in turn allows us to also conduct mood inference. We begin
by motivating and describing the smartphone-smartwatch
setup implemented for this work. Then, we discuss the
details of the sensor data capture and labelling of ground
truth.

3.1 Location, Time and On-Body Sensing Setup

The most prominent electronic device we carry with us
today is the smartphone. Through its ubiquity, a multitude
of onboard sensors, powerful processing units, and commu-
nication capabilities, it has been suggested as an ideal plat-
form for context sensing [7], [33]. Yet, researchers
emphasize that we do not “wear” our smartphones at all
times [9], [34]. For example, it is imaginable that we leave
our phones within reach, but on the desk. As a result, our
mobile phones are not always able to detect our physical
movements. Moreover, as the population carries it at a sin-
gle location in the pocket, the variety of activities we can
detect with onboard motion sensors is limited [34], [35].
Recently, with the miniaturization of processing units and
sensors, watch-like systems with similar capabilities as the
smartphone are now facing the market. Contrary to the
smartphone, these devices are typically fixed in placement
and constantly worn by the user. Paired with open plat-
forms and software development kits, the distribution of
applications for these wearable systems is just as seamless
and scalable as smartphone applications.

In our sensing system, conceptually depicted in Fig. 1, we
take advantage of the recently popularized Pebble smart-
watch to augment existing sensing modalities on the
Android smartphone. The Pebble smartwatch is equipped
with a 3-axis accelerometer, which is sampled at 25 Hz.
Based on the Pebble software development kit,2 we develop
a Pebble watch application to log the on-board accelerome-
ter readings. We program our smartwatch application to
continuously collect accelerometer data in the background.
However, periodically, the application is brought to the
foreground temporarily to synchronize its data buffer with
the smartphone application. Using the Pebble DataLogging
API,3 acceleration samples are logged and transmitted to
file storage on the paired smartphone. As such, all data buff-
ering (in case of disconnection) and transmission over Blue-
tooth channels to the smartphone is handled by Pebble.

Fig. 1. Conceptual diagram depicting the sensing and modelling compo-
nents in the system.

1. http://www.getpebble.com

2. http://developer.getpebble.com/
3. http://developer.getpebble.com/guides/pebble-apps/

communications/pebble-datalogging/
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We also develop a custom Android application, which is
responsible for receiving the acceleration samples from the
Pebble watch. We synchronize the smartphone accelerome-
ter signals (by subsampling with respect to incoming Pebble
accelerometer signals) to record the phone’s acceleration
also at 25 Hz. In addition, we capture the location of the
smartphone using different sources of information (e.g.,
GPS module on the phone if enabled, WiFi-based localiza-
tion, cell ID information) by accessing the Android Location
Manager.4 This Android application is also programmed to
take care of timestamping all recorded data and labels and
upload to a remote server. In Table 1, we summarize the
details of information recorded in our dataset.

3.2 Daily Activity Labelling and Self-Assessment
of Mood

In our Pebble smartwatch application, an interface is imple-
mented for seamless labelling of daily activities and self-
assessed mood. A series of screen captures are presented in
Fig. 2. When the user launches the application or when a
periodic prompt (via five short vibrational pulses) is given,
the main menu is shown as in Fig. 2, left. This menu allows
the user to select whether activity or mood labels are to be
entered. Upon selecting the option to enter an activity or
mood label, Pebble’s physical buttons can be used to navi-
gate and select the appropriate categorical label. Activity
and mood categories are displayed as in the middle and
right screens of Fig. 2, respectively.

As in [10], we select the activity categories from the tier-1
American Time Use Survey taxonomy [36]. This taxonomy
is developed by United States Bureau of Labor Statistics to
comprehensively classify the way in which their citizens
spend time in various aspects of life. It is a 3-tier taxonomy
with example activities for each category. In Table 2, we
illustrate the activity categories presented to users and their
corresponding illustrative examples.

Upon selection of an activity category, the Pebble smart-
watch sends the tuple ðtimestamp; labelÞ to the phone. The
smartphone application compares the received label with
the current activitiy and records it if there is a change. Thus,
only timestamps corresponding to changes of activities are
recorded. This labelling policy simplifies the user interven-
tion by making it possible to annotate activities with a single
button. However, given that stop times are not recorded
explicitly, the label data is prone to noisy inputs. For exam-
ple, if a user marks the start of an activity without entering
another later on, this activity has the potential to last until a

new activity is selected. In the worst case, if a user logs one
activity at the beginning of the day and forgets to do any
more logging, this one activity has the potential to persist
until the end of the day.

To mitigate this issue without adding significant user
burden, the smartphone application has a timeline view to
allow users to visualize the activities he/she logged during
the day. We ask users to examine their timeline on a nightly
basis to easily correct any discrepancies in their labelling
(e.g., wrong label, wrong start/ending time). We show illus-
trative screens of the Android application in Fig. 3. More-
over, the smartphone application launches the Pebble
application and makes the watch vibrate to remind the user
that labels are needed if the user do not annotate activities
for more than fifty minutes. If this reminder is not acknowl-
edged with a label, the smartwatch will vibrate every five
minutes with a probability of 50 percent.

For labelling mood, the screen shown on the right side of
Fig. 2 is presented to the user. The users are briefed on the
Circumplex Model of Affect [11] and the positioning of the
mood categories on the model at the start of the study. This
menu allows selection of the eight emoticon-augmented
mood categories shown in Fig. 4. The smartphone applica-
tion recalls the user to enter mood labels every three hours
following the aforementioned procedure for activity labels.

TABLE 1
Information Recorded by the Smartphone Application

Sampling period Timestamp

Pebble acceleration 0.04 ms Every 25 samples
Phone acceleration 0.04 ms Every 25 samples
Location 15 minutes Every sample
Activity label Prompted every �50 min Every sample
Mood label Prompted every �180 min Every sample

Fig. 2. Screen captures from the Pebble smartwatch application used for
labelling of daily activities and self-assessed mood. The main menu
(left) offers a glance of logger status and selection for activity or mood
labelling. The activity labelling screen (middle) allows the user to scroll
through a list of alphabetically listed activity categories covering various
aspects of daily life according to the ATUS taxonomy [36]. Finally, the
mood selection screen (right) allows users to self-assess their current
mood according to one of eight mood categories sampled uniformly
from the circumplex model of affect [11].

TABLE 2
Activity Categories Gathered during Our Experiments

Activities Examples given

Commuting foot, bike, train, car
Eat/Drink lunch, dinner, beer
Education in lecture, talks, hw
Household cook, clean, laundry
Personal care sleep, shower, toilet
Prof. services bank, doctor’s, haircut
Shooping grocery, store, mall
Social/Leisure party, movies, museum
Sports/Active gym, skiing, biking, hiking
Working day-job, work-related

Both applications, on the smartphone and on the smartwatch, give the possibil-
ity of selecting the current or next activity from within these options

4. http://developer.android.com/reference/android/location/
LocationManager.html
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3.3 Feature Extraction for Activity

We use the same feature extraction pipeline as [10] for the
activity recognition module. The processing steps are
included here for completeness. The transformation of pre-
dicted activities into explanatory variables for mood infer-
ence is described later in Section 5.2.

Pebble acceleration. The accelerometer data are treated in a
similar way as in [37]. The purpose of this approach is to
first group accelerometer features into clusters. Then,
according to the distance of each instance to the cluster cent-
roids (soft membership assignment), the feature used in the
classification is the distribution of cluster memberships. For
the ith 1-second data window, a vector ai is built with the
means and standard deviations of the three Pebble acceler-

ometer axes, i.e., ai ¼ mx; sx;my; sy;mz; sz

� �
. In the training

phase, all the vectors atraini from the training partition are
clustered using Mini-Batch K-Means [38] with K empiri-
cally set to 50. The corresponding K cluster centroids are
stored. For all vectors ai in training and testing partitions, a
cluster distance vector �i of lengthK is obtained by comput-
ing the Euclidean distances between ai and each of the K
cluster centroids. Finally, a cluster similarity vector ��i is
obtained from the cluster distance vector. Each element �ðkÞ
of the similarity vector is computed from each element �iðkÞ
of the cluster distance vector with the transformation:

�ðkÞ ¼ exp � �iðkÞ
s�

� �
, where s� is the standard deviation of the

vector �i. For each labelled training instance of duration D,
a feature vector is obtained by averaging the D cluster simi-
larity vectors calculated for each 1-second window belong-
ing to the training instance. A classifier is trained with the
feature vectors and the corresponding labels. In the testing
phase, the cluster similarity vectors are again extracted
from the accelerometer data, using the cluster centroids
stored in the training phase. For each window of duration
D, the corresponding feature vector is calculated and classi-
fied according to the trained model.

Phone acceleration. We process the time-matched phone
accelerometer samples the same way as we process Pebble
acceleration data as described above.

Location. Using raw GPS coordinates of the mobile phone,
we query the Foursquare Venues API endpoint5 to obtain a
listing of venues in the vicinity of the GPS coordinate. We
process this list by counting the categories of venues to
obtain a venue semantic distribution vector ½v1; v2; . . . ; vL�
where L is the total number of different venue categories
observed. Aswe typically havemultiple GPS samples within
awindow instance, we normalize the venue semantics vector
by the number of GPS samples. Essentially, the feature space
for the location classifier is a sparse count matrix of venues
types, which takes a dimension ofL�N forN instances.

Time. Given the duration of each activity window, we
convert the unix timestamp to local time and bin the dura-
tion of the window into 24 hourly bins for each day of the
week. Then, for each instance, we derive a binarized feature
vector ½t1; t2; . . . tT � to indicate the hour(s) of the activity win-
dow, where T ¼ 168 for the number of hours in a week.

Fusing classifier. Our system utilizes feature-level fusion,
where feature sets from different modalities are concatenated
to form a fused feature space. Therefore, we obtain a fused
feature matrix of dimension ð2 �K þ Lþ T Þ �N . Although
missing features may deteriorate classification quality, we
select this method as it considers all features simultaneously
as opposed to classifier-level fusion, where more constraint is
imposed since data is first transformed into class-specific
probabilistic output. However, in cases where a modality is
missing data, we insert 0 for the time and location modalities

and 1
K for missing acceleration features to denote equal dis-

tance to all centroids.

4 SYSTEM DEPLOYMENT AND DATA COLLECTION

To empirically validate the capability of our system in
leveraging daily activity routines for assessing mood, we
conduct a longitudinal study involving recruited 18 sub-
jects. Study participants include 10 university students

Fig. 3. Screenshots of Android application deployed to users. The main
screen shown upon launch is illustrated on the left. The right screen
depicts the editable daily timeline summary, allowing users to add or edit
activity labels.

Fig. 4. Mood categories gathered during our experiments. These cat-
egories are adapted from a uniform sampling the Circumplex Model
of Affect [11].

5. https://developer.foursquare.com/docs/venues/search
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(Bachelor/Master students), six researchers/staff at post-
secondary institutions, 1 software engineer, and 1 professor.
Of the registered participants, two were female. Their age
distribution is as follows: 14 in their 20 s, three in their 30 s,
and one in 40 s. All subjects are residents of Switzerland
and reside in either the Zurich area or Yverdon-les-Bains.
We deploy our application for approximately three weeks
with most users.

As we publicly deployed the logging application on the
Pebble app store and Android Play store, more than 500
users from outside of our study downloaded our applica-
tion. In our database, 44 user identifiers were generated. For
the purpose of this paper, we report results only on the
recruited participants. From these users, we gathered about
135,000 minutes of activity labels (� 93 days) and about
1,580 mood labels. Fig. 5 shows the distribution of activity
and mood labels among users.

Shown in Fig. 5, the amount of time users logged activi-
ties is quite heterogeneous given the large interquartile
range shown by the “All users” box plot on the right.
Although prompted at the same interval, the level of moti-
vation to label varies between users. Across all users, we
obtain a median of approximately 5,000 minutes of activity
labelling and about 60 mood labels. Of the 18 users who
uploaded data, all except one (user 31061254ad3d5d39) also
uploaded mood labels.

Examining the distribution of activity and mood annota-
tions (Fig. 6), we see the “Working” class is labelled most
frequently (in terms of median). Interestingly, “Personal
care”, which contains sleeping, was not labelled so fre-
quently by as many users as compared to our original data
collection reported in [10]. From the distribution of mood
labels, “Happy”, “Relaxed”, and “Tired” were most fre-
quently specified. In our dataset, moods with negative
valence were rarely labelled. This may be due to the relative
short duration of the study period. In addition, we believe
the labelling process may also introduce a systematic bias.

As the users know their data will be analyzed by others,
even with anonymity, they may have a tendency to report
more positive affects.

In Fig. 7, we aggregate the activity labels of each user to
form a timeline of their daily life activities. From the plot,
we can spot intuitive patterns over the day for many users,
for example: sleeping during the early morning hours (a
component of “Personal Care”) or “Work”/“Education”
activities throughout the day. In addition, indentations
made by “Eat/Drink” are quite noticeable for many users
during noon as well as evenings, although the latter is more
spread out according to people’s varied schedules.

While the timeline of more than half of the participants
are reasonable, a minority of participants provided only a
handful of labels, resulting in an incomplete timeline of
their day-to-day activities. In addition, some of the pro-
vided labels are erroneous (e.g., user 5dc70d535b0bb4c5
reports Education for hours into the early morning).
Although we could have filtered out users from our analysis
to obtain more favourable results, we elect to include the
noisy data in our evaluation section. Our intention is to bet-
ter reflect the performance of our approach in a more natu-
ralistic scenario, where users are inevitably prone to
provide insufficient data and noisy labels.

To qualitatively motivate our approach based on “what
you do affects how you feel”, in Fig. 8, we plot the distribu-
tions of activity labels associated with different mood labels
for an example user. The activities associated with a mood
label are ones that took place within a window of Twindow

hours previous to each mood label. We set Twindow ¼ 7
empirically as discussed in Section 5. The subplots are
arranged such that each top plot is the polar opposite of the
one beneath it (e.g., Happy versus Upset). For the moods
Tense and Stressed, we can see that the Work activity is
quite pronounced in the distribution. In contrast to the polar

Fig. 5. User annotations. Top, amount of time the users annotated activi-
ties. Bottom, number of mood labels per user in the database. Fig. 6. Distribution of the annotations made by users. Top, distribution of

the time spent by users in each activity category. Bottom, distribution of
the number of mood labels logged by the users.
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Fig. 7. Activity histogram of some of the users having more activity entries in the database. Activity records were accumulated in periods of one min-
ute to obtain the amount of time devoted to each category during a day. Notice that some of the users did not recorded activity during nights
(“Personal care”), most of the users work (yellow areas) and a few are students (light green areas).
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opposite moods below them, we notice a wider distribu-
tion exist for Tired and Relaxed. Another trend is that
the activity distributions gradually shift from a peaked
distribution (at Work) to more uniformly spread-out dis-
tributions as we move through the plots sequentially
from Stressed to Happy in a wrapping left-to-right man-
ner. By examining the mood subplots in this sequence,
we are also following a circular path counter-clockwise
as indicated in Fig. 4. This is interesting as it indicates
the change in activity distribution correlates with grad-
ual change in mood. Although we show this example
user for illustrative purposes, we make two points: first,
while noisy, activity distributions are seemingly able to
characterize some moods. Second, we notice a seemingly
continuous change in the activity distribution as we
progress through the moods sequentially according to
the Circumplex Model of Affect [11]. In the next section,
we describe how we leverage these two intuitions for
modelling and inferring mood. We make concrete evalu-
ations on our approach and demonstrate the mood infer-
ence results quantitatively.

5 DESIGN OF ACTIVITY AND MOOD MODELS

Extending our original work in automatic daily activity rec-
ognition [10], we investigate whether the predicted activi-
ties may be used as features for inferring mood. In this
section, we provide analysis into the offline performance of
our data processing pipeline, which processes sensor data
into activity predictions and then infers mood based on pre-
dicted activities.

5.1 Recognition of Daily Activities

Since the activity module in this pipeline is based on work
detailed in [10], we only provide a brief analysis of its per-
formance here. To evaluate the performance of our machine
learning model, we select the cross-validation interval to be
one day (i.e., leave-one-day-out) to simulate the likely sce-
nario of nightly data upload and model update. Therefore,
in our cross-validation, the testing data of each fold is con-
structed from one single day while the training data is
aggregated from all other days. The average testing accu-
racy is derived by computing a weighted mean of the per-
fold accuracy on the testing data, where the weights are the
number of instances in the testing fold. For the purpose of
this work, we perform user-specific training and testing to
evaluate the performance of personalized models.

Summarized in Fig. 9, we depict the distribution of testing
accuracy achieved over 10 broad activity classes spanning
various aspects of daily life. The counts for each bin depict
the number of user-based models that achieved a mean test-
ing accuracy in the binned range. To compare the performan-
ces achieved with different sensing modalities (e.g., features
from pebble accelerometer, phone accelerometer, location,
etc.), we stack the bin counts of each modality, in their
respective bins, with different colours. We make the same
plot for the previous dataset collected in [10] for comparative
purposes. Although a great deal of variance exists among
participants, we notice that in both datasets, the feature-level
fusion consistently delivers favourable performance com-
pared to single-modality performance. Therefore, we select
the fused approach to output activity predictions for the
mood inference portion of the processing pipeline.

Fig. 8. We aggregate the activity labels associated with each mood label for an example user and plot the activity distributions per mood in 8 separate
subplots. The activities associated with each mood label are those that elapsed in the 7 hours previous to the mood label. We select this time window
empirically as will be discussed in Section 5.
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Between the newly collected dataset (Fig. 9 top) and the
original dataset [10] (Fig. 9 bottom), we notice a decrease
in recognition performance despite using the same data
processing pipeline. We believe this performance decrease
is an artefact of the new dataset as opposed to a reflection
on the quality of our activity recognition model. As dis-
cussed in Section 3.2, we relax the labelling effort of partic-
ipants to respond only when prompted by the Pebble
smartwatch. Therefore, the decrease in activity recognition
performance could be due to the deterioration in label
quality compared to the original user study. In Fig. 10, we
further plot the activity recognition accuracy as a function
of the number of instances used for the training of the
models. Across all individual modalities, we notice that an
increase in training data size correlates with higher model
prediction accuracy. This illustrates the importance of
obtaining a sizeable training dataset (increasing the proba-
bility of training diversity) for obtaining higher-perform-
ing models. Despite the dataset quality and quantity, we
will see in the rest of this section that our mood inference
model is able to tolerate prediction noise and perform rea-
sonably. We provide additional discussion on this matter
in Section 5.5.

5.2 The Mood Model and Modelling of Mood

As mentioned in Section 3.2, we gather self-assessed mood
labels from users in the form of eight prototypical affects
uniformly distributed around the circumplex model of
affect [11]. Although previous work (e.g., [6], [8], [39]) have
modelled the arousal and valence dimensions indepen-
dently, we choose to conform to the mood model by directly
modelling the mood angle on the circumplex. We do so for
three reasons: first, modelling the mood angle conforms
with the original design of the model by Russell [40], who
define affects as angular measurements in a circular man-
ner. Second, as the labels provided by the study participants
are prototypical affects (e.g., happy, bored, etc.), a two-axis

disintegration of the unique labels would add interpretation
into the subject’s self-assessment. Finally, modelling the
mood angle respects the equidistant nature of the affects
based on angles, where an angle of 0 degree (Happy) is
exactly twice the distance to 90 degree (Upset) than 45
degree (Tense). The equidistant nature of these affects
would not be maintained if they were interpreted to lie on
two independent linear scales. For example, the difference
in Euclidean distance between Happy (0 degree) to Upset
(180 degree) and Happy to Tense (90 degree) is

ffiffiffi
2

p
times as

opposed to exactly two times.
Given these considerations, we believe the most natural

approach to modelling mood in our data collection scenario
is to conduct regression where the target variable is the
mood angle, which spans ½0; 360 degreeÞ. As motivated by
existent work in social psychology (see Section 2), we model
the mood angle with explanatory features based on

elapsed activities within a time window
�
tbeg; tmood

�
, where

Twindow :¼ tmood � tbeg is the window size and tmood is the
time of mood entry while tbeg is the time in which the win-
dow begins. We construct an explanatory variable vector

Xactivities ¼
�
xsports; xwork; . . . ; xsocial

�
by summing the time-

span of various activities within the given window and nor-
malizing by the length of the window. As such, we infer a
user’s mood by examining the activities conducted before a
point when we obtain the ground truth mood from the user.
It is important to note that always use the predicted activity
labels resulting from the activity recognition module. This
way, we evaluate the realistic performance of the pipeline
as it would be applied in a final product.

To employ standard, direction-agnostic regression tech-
niques, we first need to conduct preprocessing of mood
angles for conversion into a two-dimensional representa-
tion. We begin with the conversion of a textual label (e.g.,
Stressed) to its angular mapping (denoted hereon by d)
according to Fig. 4 (resulting in d = 135�). We then construct
a 2D floating point representation: Y ¼ ½ sin ðdÞ; cos ðdÞ�. For

Fig. 9. The distribution of testing accuracies for all users with data split by
personalized leave-one-day-out cross-validation. The results shown are
derived by applying the same activity recognition procedure on the newly
collected dataset (top) and the original dataset reported in [10] (bottom).
Different colours are used to depict the accuracy distributions achieved
with different feature modalities.

Fig. 10. We plot the activity recognition accuracy of personalized models
against the amount of training data available to train the model. To
clearly illustrate the performance of using different feature modalities,
we make 4 separate subplots. We observe a positive correlation
between the model prediction accuracy and the quantity of training data.
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the regression technique, we employ the standard multi-
output ridge regression algorithm as implemented [38].
Similar to standard least-square linear regression, ridge
regression fits a linear model in order to minimize the resid-
ual sum of squares. However, it adds a penalizing term to
shrink the model coefficients in order to gain robustness
against collinearity in the features. Effectively, it conducts
the following optimization on the coefficients v:

min
v

kXv� Y k22 þ akvk22; (1)

where X represent the explanatory variables, Y is the 2D
representation of the mood angle d, and a is the regulariza-
tion parameter. The larger the a, the more shrinkage is
achieved on the coefficient v.

5.3 Evaluation Metrics for Mood Inference

To evaluate the performance of our regression models, we
post-process Ŷ to obtain Ŷangle with the following transfor-
mation:

Ŷangle ¼ arctan2
�
Ŷ2; Ŷ1

�
; (2)

where Ŷ1 and Ŷ2 are the first and second components of the

predicted Ŷ value, respectively. Arctan2 is a standard func-
tion for conducting the inverse tangent operation to select
the right quadrant depending on the signs of the two
parameters. Since the value returned by arctan2 is between��p;p

�
, we further process it by adding 2p to negative val-

ues in order to bring the all angle values to between
�
0; 2p

�
.

For evaluation, we compute two important metrics: abso-
lute error (AE) and hit rate @ D (HR@D), where D is the
angle window around Yangle that constitutes the “hit-zone”.
For AE, we take the lesser angle of the angular difference

between Ŷangle and Yangle such that:

AE ¼ min angle
�
Ŷangle; Yangle

�
; (3)

while HR@D is calculated as:

HR@D ¼
XN�1

i¼0

1AEi <D

N
; (4)

where N is the number of instances in the dataset and
1AEi <D denotes whether instance i is a “hit” (the inferred

angle is within D of the true angle) or “miss”.

5.4 Performance of Activity-Based Mood Inference

The one parameter that exists for selecting activity-based
explanatory variables is the time window Twindow :¼
ðTmood � TbegÞ in which to gather activity data before a mood
label. We set this parameter empirically to 7 hours as it min-
imizes the mean AE in cross-validations.

To quantify the performance of personalized models, we
use standard leave-one-out cross-validation to evaluate the
inference ability of models built for each user. Using the cor-
responding personal model to infer Ŷangle for each sample in
the dataset, we calculate the mean AE and mean HR. In
Table 3, we tabulate the results obtained using activity-
based explanatory variables against the following bench-
marks for comparison:

� Random mood prediction: independently select one of
the eight mood angles randomly as Ŷangle for all

samples. Therefore, we expect random mood predic-
tion to be uniformly distributed around the mood
circle and be correct for roughly one in eight
instances.

� Mode mood: Since our participants are healthy sub-
jects without large variations in mood change, a sim-
ple straw-man approach to mood prediction is to use
the most frequent historical mood as Ŷangle. For each
Yangle label, we calculate the mode angle based on all
mood labels of the corresponding user previous to
Yangle in Twindow.

� Mean mood: Similar to the mode benchmark, the
mean mood angle is calculated instead of mode.

From Table 3, we see that our activity-based mood infer-
ence approach, applied to all data instances, is able to outper-
form all benchmark approaches. As the residual angle
calculated for each approach forms a continuous distribu-
tion, we can test for statistical significance using the Kolmo-
gorov-Smirnov two-sided test (KS-statistic) [41] to assess
whether testing results are significant between our approach
and the benchmark approaches. We obtain KS-statistics of
0.4936, 0.4134, and 0.1060 against the random,mode, andmean
benchmarks, respectively. We obtain p 	 0:01 in all cases.
Therefore, we establish that our activity-based mood infer-
ence approach outperforms the benchmark results with sta-
tistical significance in terms ofmean absolute error.

Since participants provided mood labels at 45 degree
intervals around the Mood Circumplex, the most stringent
D for HR is 22.5 degree, which ensures a predicted mood
angle is within the margin of specification in the input
labels. Using this metric, the activity-based regression
model is correct for 41 percent of the testing instances.
Relaxing this metric to D ¼ 45, which accepts inferences to
be within the two nearest neighbours (one on each side) of
the true mood angle, our approach is correct for 61 percent
of the instances. In other words, we infer the correct quad-
rant of the Mood Circumplex approximately 61 percent of
the time. Finally, at D ¼ 90, we hit the right half of the Mood
Circumplex for 88 percent of instances.

Comparing the mean HR at various Ds, our activity-
based approach outperforms benchmarks for HR evaluated
at 22.5, 45, and 90 degree. Since the HR is calculated as a dis-
crete hit or miss, we use McNemar’s test [42] to check for
statistical significance and obtain p < 0:01when comparing
predictions between our approach and the predictions of
the benchmark approaches for Mean HR@45 and Mean
HR@90. For Mean HR@25, we obtain p ¼ 0:33 against the
mode and mean benchmarks but p < 0:01 against the ran-
dom benchmark. Therefore, the performance gain using the

TABLE 3
Summary of Inference Results for Activity-Based Mood

Inference against Benchmark Performances

Mean AE
(radians)

Mean
HR@22.5

Mean
HR@45

Mean
HR@90

Activity-Based 0.7631 41.42% 60.52% 87.54%
Random Mood 1.6077 13.75% 13.75% 38.03%
Mode Mood 0.8368 41.34% 41.34% 68.28%
Mean Mood 0.8154 40.29% 58.01% 84.95%

Top performance is highlighted in bold.
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activity-based approach is not statistically significant for
Mean HR@25 but are significant for all other metrics.

In Fig. 11, we also illustrate the per-user Mean HR for
D ¼ 22:5�, D ¼ 45�, and D ¼ 90�. In this scenario, the perfor-
mance of each user is weighed similarly as opposed to
according to the quantity of instances provided by each
user. The cumulative distribution functions of the Activity-
based HR inference are depicted via the circle-marked green
lines. For reference, the benchmark performances of per-
user mode and mean methods are also plotted in start-
marked blue and cross-marked red lines, respectively. From
Fig. 11, it is clear that activities-based inference outperforms
their respective benchmarks in all three cases.

5.5 Robustness Against Activity Recognition Error

As mentioned previously, our mood inference approach is
based on results from the daily activity recognition module
depicted in [10]. Due to inaccuracies in activity recognition,
we examine the influence of noisy activity predictions by
artificially injecting normally distributed random values
from Nðm ¼ 0; s2 ¼ 1Þ. As each of our explanatory variables
depicting activity span is calculated as a proportion of the
window size, we simply calculate a weighted sum between
the original explanatory variables and noise using an b

weight between ½0; 1�:

X ¼ ð1� bÞ �Xoriginal þ b � N ðm ¼ 0; s2 ¼ 1Þ: (5)

From Fig. 12, we plot the resultant mean AE in radians as
a function of the weighting coefficient b, which increases to
increase noise contribution. We plot results using user-pro-
vided activity labels directly (in blue), the activities pre-
dicted using the activity recognition module described
in [10] (in red), as well as the Mean Mood (in dashed blue)
and Mode Mood (in dashed yellow) benchmarks. We note
that even with b ¼ 0:6, our approach using predicted

activities outperforms both benchmarks. In other words,
our approach robustly outperforms benchmarks even as 60
percent of the explanatory variable values come from nor-
mally distributed noise. Interestingly, the use of predicted
activities results in less mean AE compared to using activity
labels. However, this difference is insignificant and we
believe this phenomenon could be attributed to the labelling
noise of users, as discussed in Section 3.2.

6 LIMITATIONS AND FUTURE WORK

Our evaluation results presented in Section 5 illustrate the
promising nature of our activity-based mood recognition.

Fig. 11. The empirical cumulative distribution function of user-specific MHR using activities as explanatory variables are plotted with green, circle-
marked marked lines. With cross-dashed and start-dotted lines, we also plot the reference Mean Mood and Mode Mood inference strategies. For
each D value, we note the activity-based inference generally outperforms its associated benchmarks (distribution mass shifted to the right).

Fig. 12. Empirical evaluation illustrating the robustness of mood infer-
ence model against normally distributed noise with mean = 0 and stan-
dard deviation = 1. The noise is added directly into the explanatory
variables as a weighted sum of the original explanatory variables and
noise. The weight of noise increases from [0, 1] while weight of original
variables decrease as 1-[0,1 ].
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Despite noisy labels and reduced activity recognition accu-
racy, our mood inference module is still able to outperform
non-trivial benchmarks that do not use activity data, with
statistical significance. However, future work is required to
more rigorously evaluate our approach on larger datasets.
We indicate the limitations of our work and future work to
address these issues:

Incentivized public deployment. Although our application
was downloaded 574 times on the Pebble application store
in a period of less than a month, only 44 users uploaded any
data. Upon examining the data, only 18 users provided
activity labels while mood labels came from only 17 users.
This indicates that, while we can certainly gain public expo-
sure through existing deployment channels set up by con-
sumer electronic platforms, an engaging user interface and
value-added services are essential to maintain user interest
and their data upload. In upcoming work, we plan to imple-
ment a commercial-grade life-logging mobile application
service where users can periodically input activity and
mood labels. On a nightly basis, we would run offline analy-
sis on the uploaded data and learn models for activity and
mood inference. The predictions as well as provided labels
will be fed back to users in the form of an automated elec-
tronic diary. We hope this will encourage the submission
from a more diverse user-base for larger variation in activity
and mood labels alongside sensor signals.

Unsupervised aggregation of explanatory variables: As an
extension to our previous work in [10], we build our mood
inference approach upon the output of predicted daily
activities. Although this approach is reasonable, the mood
inference module is only exposed to patterns in aggregated
data at the activity level. In future work, we will examine
whether unsupervised feature generation from sensor data
directly could outperform the current approach. By using
the sensor features without activity-based constraints, we
may be able to improve mood inference performance as pre-
diction noise from activity models would be removed.

Additional mood influencers. While social psychology liter-
ature as well as our results support the intuition that activi-
ties and good explanatory variables for mood, additional
influencers exist. For example, seminal work by Clark and
Watson [12] also reveal statistically significant relationships
between health-related factors and mood, as well as other
major life events with long-lasting effects (e.g., pregnancy).
These factors should be collected and represented as user-
specific prior knowledge to be fused with existing in-situ
sensor measurements. Similarly, we can easily combine our
approach with recent work of others exploring alternative
data sources for mood inference. For example, our approach
can be easily fused with smartphone interaction data, which
was demonstrated to be useful in the MoodScope project [8].

Robustness of self-assessments. A remaining challenge in
training activity recognition systems is the collection of
accurate activity labels from the user. Similarly, annotating
emotional response can be imprecise, since users may devi-
ate in expressing their own emotions, respectively mapping
them differently to a scale. This may be a contributing factor
to the fact that we found no statistical significance in
MHR@22.5 between the activity-based mood inference
approach and the mean and mode benchmark approaches.
We have seen that relaxing the D parameter in the hit-rate

calculations for mood inference addresses variations in self-
assessment. As such, we found larger and statistically sig-
nificant gains with our approach against the benchmarks
for MHR@45 and MHR@90. We believe further improve-
ments could be made with more systematic pre-study briefs
on methods of self-assessment with domain experts.

7 CONCLUSION

We presented and investigated an end-to-end tool capable
of conducting daily activity recognition and mood inference
using a commercially available ecosystem of wearable devi-
ces. Our system is based on a fusion of motion, location,
and temporal signals collected from existent commercial
devices already in possession of the general population.
Although we make no claims in the relationship between
activities and mood in this study with limited participants,
we illustrate the feasibility of a tool capable of seamlessly
and naturalistically logging and recognizing user contexts
in their day-to-day life.

As an extension to our previous work in [10], we collect a
novel dataset that contains both activity labels as well as
mood labels for ground truth. This dataset contains data
logging of an additional 18 users with approximately 93
user-days of labelled sensor data. In addition, we relax the
labelling requirement, by intermittently polling users for
their activities as opposed to labelling activities with explicit
start and stop labels. This design choice was made to better
mimic naturalistic usage. However, it resulted in a decrease
in activity recognition performance as compared to [10].
Nonetheless, we show that our regression model for mood
angle still maintains a reasonable error level at a mean abso-
lute error of 0.7631 radians against ground truth. Calculat-
ing the hit-rate of angle inferences within p=4 of the actual
mood angle, we are correct for 60.52 percent of the instan-
ces. Compared with reasonable benchmark results, where
previous mood labels are used as indicators for current
mood, we outperform with statistical significance.

According to these results, we conclude that activity-based
mood inference holds promise in the premise of ubiquitous
context sensing and recognition. Further validations will be
conductedwith enlarged user base and data collection.
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