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ABSTRACT
Experience sampling has long been the established method to sam-
ple people’s mood in order to assess their mental state. Smartphones
start to be used as experience sampling tools for mental health state
as they accompany individuals during their day and can therefore
gather in-the-moment data. However, the granularity of the data
needs to be traded off with the level of interruption these tools
introduce. As a consequence the data collected with this technique
is often sparse. This has been obviated by the use of passive sensing
in addition to mood reports, however, this adds additional noise.

In this paper we show that psychological traits collected through
one-off questionnaires combined with passively collected sensing
data (movement from the accelerometer and noise levels from the
microphone) can be used to detect individuals whose general mood
deviates from the common relaxed characteristic of the general pop-
ulation. By using the reported mood as a classification target we
show how to designmodels that depend only on passive sensors and
one-off questionnaires, without bothering users with tedious expe-
rience sampling. We validate our approach by using a large dataset
of mood reports and passive sensing data collected in the wild with
tens of thousands of participants, finding that the combination of
these modalities achieves the best classification performance, and
that passive sensing yields a +5% boost in accuracy. We also show
that sensor data collected for a week performs better than single
days for this task. We discuss feature extraction techniques and
appropriate classifiers for this kind of multimodal data, as well as
overfitting shortcomings of using deep learning to handle static
and dynamic features. We believe these findings have significant
implications for mobile health applications that can benefit from the
correct modeling of passive sensing along with extra user metadata.
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1 INTRODUCTION
Experience sampling –which involves asking participants to report
on their behaviors or environment on repeated occasions over time–
has long been used as a mechanism to longitudinally assess the
mental health of individuals by prompting them to report their
mood using questionnaires traditionally delivered through pen and
paper, but also through the web. Psychologists have used different
tools or scales that facilitate users to assess their mood. These
include the Positive and Negative Affect Schedule (PANAS) [46],
a self-report questionnaire of two 10-item scales that measures
both positive and negative affect; and the Affect Grid [32] scale, a
2-dimensional grid, where the x-axis indicates the feeling in terms
of its positiveness or negativeness while the y-axis indicates its
intensity. Independently of the scale used, timely and accurate
mood report is important to anticipate clinical outcomes such as
depression [7], longevity [43] or mortality [1].

The pervasiveness of smartphones and wearable devices has
enabled timely delivery of experience sampling [10], allowing a
near real-time detection of clinical outcomes and relapses. This
led to the development of several mobile phone applications that
prompt their users to assess and report their mood one or more
times per day, using one or more different scales [35, 37]. Apart
from potentially inducing biases in the measurements, interrupting
users during their daily lives at a high frequency and with the
same purpose is seen as a high burden by many users [26], as it is
evidenced by the high dropout rates reported in these applications.
Indeed, according to recent statistics, more than 2/3rds of people
who download a mobile health app used it only once [21].

Previous research has pointed out the link between self reported
mood and some personality traits such as emotional stability [8, 11].
Exploiting this link to track mental health would mitigate users’
burden, as assessing their personality as well as other psychologi-
cal traits would only require one off questionnaires. At the same
time, personal mobile devices come also equipped with a growing
set of built-in sensors, such as an accelerometer, microphone and
gyroscope. A proper and rigorous analysis of the data passively
collected with these sensors provides valuable insights for the users’
physical behaviour [2], but could also act as a proxy of their mental
health [44]. However, how to use psychological traits and passive
sensing data to accurately track mental health is still an open re-
search question. Also, the use of low sampling rates for passive
sensing data collection due to battery consumption issues often
lead to very sparse sensing data, which adds to the challenge.
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(a) Heatmap of valence and arousal. (b) Distribution of valence and arousal.

Figure 1: Aggregate 735.778 self-reported mood scores in the Emotionsense dataset collected from 17.251 users. Most users
report neutral (around 0.5,0.5) and calm-happy (down right quadrant) mood on the a�ect grid (a). The two multi-modal distri-
butions (pearson r=-0.23,p<0.00001) of the mood(b).

Figure 2: The mood tracking application. Users can report
their mood in an a�ect grid, complete personality and other
questionnaires.

The penetration of mobile devices has also introduced scale:
many more individuals can now be reached and assessed. For exam-
ple, in a hospital environment, mobile experience sampling enabled
the collection of 11,381 survey responses over a 12-month period
from 304 physicians and nurses, completed with minimal initial
training [39]. Mobile sensors enable researchers to collect not only
the explicit reports of the participants, but also thecontextin which
these answers were provided. Indeed, a recent survey of 110 papers
concluded that a total of 70 studies (63.6%) passively or actively
collected sensor data from the participants' study device [41]. On
a larger scale,Utsureko[37] and Emotionsense[35], two di�erent
smartphone applications for mood monitoring through self-reports
were used by more than24;000and 17;000users, respectively.
However, most of the studies on investigating the use of smart-
phones to track and improve mental health and well-being have
been conducted through controlled experiments, and limited num-
ber of participants and observations [19, 22, 33, 45]. Conducting

such studies in the wild would allow reaching many more partic-
ipants, broadening the signi�cance of the �ndings. However, the
absence of rigid control over participation and the limited mech-
anisms to promote engagement, make the data collected noisier
and sparser than in controlled setups, and it is unclear whether
previous �ndings and methodologies can be transferred to these
large natural datasets. Robust methodologies for anticipating clin-
ical outcomes and relapses using very sparse data are key to the
widespread adoption of smartphones as tools to provide mental
health support.

Mobile sensing applications often require inputs from sensors in
the form of high-dimensional time-series, coming from accelerom-
eters, gyroscopes, microphones or other user-generated data [18].
However, these sensor measurements are quite noisy and although
for some purposes simple �rst-order features have proved to be
e�ective, it is not straightforward how to select robust features
from di�erent noise levels of individual user behaviors, since every
user introduces di�erent levels of noise according to its device, en-
vironment etc. For example, theMoodExplorerstudy [47] extracted
the mean, variance, and signal-to-noise ratios from the microphone
sensor, while theEmotionsensestudy [35] calculated the standard
deviation of the magnitude of acceleration from the three axes
(x;y;z) of the accelerometer. Noise in mobile measurements is hard
to model because it is correlated over time [29] and presents a
non-linear structure [3].

In this paper we investigate whether individuals' perceived mood
can be obtained through their psychological traits collected through
one-o� questionnaires, as well as passively collected mobile sensing
data, thus avoiding sending frequent experience sampling question-
naires. More speci�cally, we investigate whether these psychologi-
cal traits and passive sensing data can be used to detect individuals
whose general mood deviates from the commonrelaxedmood dis-
tinctive among mentally healthy individuals [32]. To do so, we
propose a machine learning methodology to classify individuals
according to their general mood, that takes as inputs sparse answers
to one-o� surveys covering di�erent pro�le-related characteristics
of the individuals, as well as features extracted from noise and
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sparse accelerometer and microphone sensors readings passively
collected with their smartphones. We evaluate our methodology
using a large-scale dataset of mobile sensing and self-reported data
collected in the wild for more than 3 years and that contains data
from more than 17,000 participants. We conduct extensive exper-
imentation by training over 100 models in order to �nd out the
best combination of modalities. We also conduct extensive �rst and
second-order feature extraction from the sensor time-series.

This paper makes the following contributions:

� We conducted an extensive data exploration of the self-
reported moods provided by17; 251of the users of a experience-
sampling based smartphone applications, with the aim of
identifying the most common reporting behaviour so as to
characterizementally healthyindividuals in the context of
our research. Our �ndings showed that the majority of the
population in our dataset reported feeling, on average,re-
laxed(down-right side of the a�ect grid), which is in line
with previous research [32].

� We provide a supervised learning methodology to detect
individuals whose general mood deviates from the common
relaxedmood distinctive among mentally healthy individuals
[32]. Our methodology does not involve any kind of cumber-
some experience sampling, but only uses one-o� question-
naires (demographics, personality, etc.) as well as sparse and
noisy passive sensing data collected with the accelerometer
and microphone sensors of individuals' smartphones.

� We performed an extensive evaluation of our methodology
using a large scale dataset collected in the wild. Our results
showed that the combination of one-o� questionnaires and
passive sensing data gives the best performance in mood
prediction. Indeed, by adding passive sensing data we achieve
a +5% in accuracy (75% in absolute) with respect to only using
questionnaires.

These �ndings have the potential of informing future developers
of mobile health applications as well as psychologists on how to
properly use one-o� questionnaires and passive sensing data for
the early detection of symptoms of mental disorders at scale.

2 THE PROBLEM AND THE DATA
Mobile health applications aimed at assisting users with their men-
tal health so as to prevent clinical outcomes should minimize the
burden to the user so as to increase adherence and satisfaction
with the app. Instead of the timely and continuous collection of
mood self-reports, psychological traits obtained through one-o�
questionnaires, as well as passive sensing data, should be preferred
in order to design e�ective and useful applications. Our aim in the
rest of this paper is to investigate how psychological traits and
passive sensing data can be used to detect individuals who might
not feel mentally well, i.e., users who have been reported moods
that deviate from the general reports of the population.

To do so, we �rst conduct an exploratory analysis of the mood
reports provided by more than 17,000 individuals for a period of
more than 3 years, in order to identify the most common set of men-
tal states (moods) reported by any of these individuals (Section 3).
Given the scale and the in the wild nature of the data collection,
we believe our results are general enough to be representative of
the whole population. We then use these �ndings as the ground

Figure 3: CCDF of the mood reported by users during the
time they were using the application. This includes (i) the
self-reports actually done ( done), (ii) those that users were
prompted to report but they did not do so ( missed) and (iii)
the sum of both ( expected).

.

truth to validate our machine learning methodology to identify
individuals whose record of reported moods deviates from that
of the majority, by only using one-o� questionnaires and passive
sensing data (Section 4). We provide further details of the data used
in our analysis and experiments in the rest of this section.

2.1 The data
We use theEmotion Sensedataset [35], a dataset that contains sensor
and self-reported data collected with a mobile phone application
for Android (Fig. 2) designed to study subjective well-being and
behavior. From February 2013 until October 2016, this application
collected 735,778 self-report data from 17,251 users, through surveys
presented on the phone via experience sampling, and behavioral
data from physical and software sensors in the phone (accelerom-
eter, microphone, location, text messages, phone calls, etc.). The
participants singed a consent form that restricts the use of the
data to the University of Cambridge researchers, according to the
Institutional Review Board (IRB). For this analysis, we consider
self reported mood collected graphically using the A�ect Grid [32],
pro�le-related surveys, as well as sensed data collected with the
accelerometer and microphone sensors. Twice per day, between
8AM and 10PM and with a di�erence of at least120minutes apart,
participants received a noti�cation asking them to report their
mood in the a�ect grid (Figure 1). Meanwhile, sensed data were
collected passively in the background at di�erent moments during
the day depending on the di�erent versions of the application. At
di�erent stages of the application, participants were requested to
complete pro�le-related questionnaires covering a broad range of
topics: demographics, personality, gratitude, health, sociability, job
satisfaction, life aspirations and connectedness, where the ques-
tions were answered using Likert scales. Below we describe the
speci�c data we use in our experiments.

Experience sampling. TheEmotion Senseapplication for mood
monitoring prompted their users to report, twice per day, how they
felt using an A�ect Grid scale. Figure 1 shows the aggregate of
mood self-reports for all the users of the application, where the
down-right quadrant, corresponding torelaxedmood, is the most
densely populated, a result that matches previous studies in the
area [32]. Due to the in the wild nature of the data collection, users
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did not always report their mood even if they were prompted to
do so, which might be consequence of the burden that experience
sampling brings to the users. In more detail, Figure 3 shows the
CCDF of moods reported per participant, included the ones they
wereexpectedto do given the time they were using the app, the ones
they were prompted to do but they did not(missed)and those that
they actuallydid so. Thus, alternatives to experience sampling are
required to design e�ective, long-term, mobile health applications
for mental health. As we will show later, by using the reported
mood as a classi�cation target we can design systems that depend
only on passive sensors and one-o� surveys.

One-o� questionnaires. Previous research has found a link
between self reported mood and personality traits such as emo-
tional stability [8, 11]. However, to the best of our knowledge, it
is not clear yet how to use personality, and other psychological
traits, to detect potentially mentally unhealthy individuals. In the
Emotion Sensedataset, a subset of the users (12,106, 70% of total)
completed some one-o� surveys providing information regarding
their demographics, personality, gratitude, health, sociability, job
satisfaction, life aspirations, connectedness, and satisfaction with
life.

Passive sensing data.Data collected through the built-in ac-
celerometer sensor of our smartphones provide valuable insights
into our activity level throughout the day. At the same time, previ-
ous research has demonstrated the link between activity level and
happiness [20, 35]. We hypothesize that our activity level through-
out the day has a high impact on how we feel on that day and
therefore also use these sensing data in our experiments. In theEmo-
tion Sensedataset, accelerometer samples consist of»x;y;z¼¹m•s2º
axes data for periods of 5, 8 or 10 seconds, collected at di�erent
intervals throughout the day depending on the version of the ap-
plication. Microphone samples, on the other hand, provide insights
into the noise level in the user's environment. As with activity, we
hypothesize that how we feel (our mood) in�uences/is in�uenced
by the kind of places or environments we visit and the level of
noise in these spaces. Therefore we use this in our experiments. To
preserve privacy, theEmotion Senseapplication only recorded the
amplitude level of noise at20Hz for periods of 5, 8, 10 seconds at
di�erent intervals throughout the day depending on the version of
the application.

Varied amounts of data are available for each of the sensors and
self reports, mainly due to the uncontrolled way in which users were
recruited. Also, the in the wild nature of the data collection makes
the available data noisy and sparse, which adds to the challenge.
We present more details on how we dealt with these noisiness
and sparseness, as well as on the number of participants and days
of sensed and self reported data used for each analysis, later on
Sections 3 and 4.

3 FINDING GROUPS OF USERS FROM
SELF-REPORTED MOOD TRAJECTORIES

The main goal of our research is on investigating whether psy-
chological traits and passive sensing data can be used to identify
users whose set of mood reports deviates from those of the general
population, which might be indicative of some mental condition.
Fig 1a shows a visualization of the aggregation of self reports pro-
vided by the users in theEmotion Sensedataset, where the most
common mood reported is in the down-right side of the a�ect grid,

Figure 4: Hierarchical clustering of the users (y-axis, only
some user IDs are visible) and features (x-axis) extracted
from their historical mood (_x=valence, _y=arousal). The
colorbar represents the actual value of the feature.

corresponding to therelaxedmental state. However, it is not clear
whether to �x the boundaries on the a�ect grid. We propose not
to hard code the thresholds and potentially inducing biases in our
labels, but instead relying on clustering techniques to make labels
naturally emerge from the data. The rest of this section describes
in detail the methodology to label users intorelaxed/non-relaxed
in the Emotion Sensedataset.

3.1 Methodology
A mood self-report in the a�ect grid is described by means of two
coordinates: the x-coordinate that indicates the feeling in terms of
its positive and negative and the y-coordinate indicates the intensity
of alertness. The history of mood-reports of an individual consists
of time-series trajectories of [x,y] tuples recorded over time in the
a�ect grid. Also, the noise and sparseness of an in-the-wild setup
result in that (i) the number of self-reports reported by di�erent
individuals might be di�erent, and (ii) that for a given individual,
the reported moods might not be consecutive (as a consequence of
users missing reports). In order to cope with this variability and
obtain independent features to allow clustering algorithms to learn
representative clusters, we extract 8 simple features for each axis
or coordinate, namelycounts, mean, std, min, max andquantiles
(25%, 50%, 75%), resulting in 16 �nal features for every user. Missing
values are replaced with zeros andminmax [0,1] normalization is
applied to the �nal features column-wise. Due to the sparsity of the
mood and the power law distribution of the counts, these twocount
features that measure non-missed reports are a�ected the most by
the normalization, concentrating all their mass close to zero.

We then apply thek-means[24] clustering algorithm to produce
mutually exclusive clusters of spherical shapes based on distance. In
order to come up with the optimal number of clusters, we conduct
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