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Abstract
Emerging mobile health (mHealth) and eHealth technology
could provide opportunities for remote monitoring and inter-
ventions for people with mental health and neurological dis-
orders. RADAR-base is a modern mHealth data collection
platform built around Confluent and Apache Kafka. Here we
report progress on studies into two brain disorders: major
depressive disorder and epilepsy. For depression an am-
bulatory study is being conducted with patients recruited
to three sites and for epilepsy an in-hospital study is being
carried out at two sites. Initial results show smartphones
and wearable devices have potential to improve care for
patients with depression and epilepsy.
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Introduction
There has been an enormous increase in the capability to
monitor individuals via smartphones and wearable devices
during the last decade, with a growing range of parameters



offered by such technologies for continuous measurement
[17].

The e 22 million Innovative Medicines Initiative (IMI2) Re-
mote Assessment of Disease and Relapse - Central Ner-
vous System (RADAR-CNS) is a major research programme
aimed at developing novel methods and infrastructure for
measuring Major Depressive Disorder (MDD), Epilepsy
(EPI), and Multiple Sclerosis (MS) using wearable devices
and smartphone technology [5].

The RADAR-base platform [1] is developed to support
the three initial goals of RADAR-CNS, but importantly it
has been developed such that it can easily be adapted for
the needs of other mental and physical health disorders.
The platform enables study design and set up, active and
passive remote data collection. It provides secure data
transmission and scalable solutions for data storage, man-
agement and access. This paper will focus on the MDD
(RADAR-MDD) and EPI (RADAR-EPI) studies which use
remote and in-hospital deployments of the RADAR-base
platform respectively.

Major depressive disorder, sometimes called "clinical de-
pression" or "depression", can be triggered by a life event,
or result from stress, or happen without a specific cause. It
is the most severe form of depression where people exhibit
a sense of hopelessness and despair along with low mood
and negative thoughts. This can affect the way people eat,
sleep, feel about themselves, and think about things. With-
out treatment, the symptoms can last for weeks, months, or
even years.

The RADAR-base platform has been deployed centrally
to collect active (questionnaires) and passively generated
(wearable and smartphone sensor) data remotely for pa-
tients recruited to 3 sites of MDD study. The sites include

King’s College Hospital (KCH) London, Centro de Investi-
gacion Biomedica en Red (CIBER) Barcelona and VU Uni-
versity Medical Center Netherland. The objective being to
collect regular self reported symptoms and metrics such
as sleep and ambulatory behaviour. High resolution data
is being collected over a period of up to two years for each
participant.

Epilepsy is a neurological condition characterised by a
person’s tendency to have epileptic seizures. The global
prevalence of epilepsy is between 4-10 per 1000 people.
Those with epilepsy have a reduced life expectancy; peo-
ple with symptomatic epilepsy have a life expectancy 18
years shorter [6]. Our hypothesis is that consumer type
wearable devices have the potential to provide continuous
seizure detection which may enable more informed use of
anti-epileptic drugs, generating a more objective view of a
person’s condition.

Though current hospital observational systems (Video/
EEG/ ECG) are used in home monitoring they are not prac-
tical for long term epilepsy seizure detection within home
based settings. We are using the RADAR-base platform to
explore the feasibility of three wearable devices to detect
seizures in an ambulatory settings. Data is being collected
for a maximum of 14 days per patient.

These two studies expose the versatility of the RADAR-
base platform and generate data with very different com-
plexity, volume, velocity and durations.

Related Work
A number of relevant studies and mHealth platforms for
remote monitoring in mental health are discussed here [17].

HORYZONS is a web based interface and feedback sys-
tem to study people with first episode psychosis (FEP), a



one month pilot study with 20 participants was conducted
[2]. The study aim was to provide an Internet-based inter-
vention to young people with psychosis, to provide cost-
effective long-term treatment to sustain the benefits of early
intervention. The majority (75%) reported that they had
a positive and constructive experience using the system,
however this was a short term pilot with limited participants
focused on young population with FEP.

Another study involves the naturalistic follow up of respon-
ders from the study entitled "Integrated biological markers
for the prediction of treatment response in depression", or
the CBN-Well study. In this study, participants who are cur-
rently responding to an oral antidepressant treatment regi-
men and/or therapeutic intervention were monitored over a
minimum period of 13 months, providing an important op-
portunity to discover near-term biomarkers of relapse [12].

OBSERVEMDD a prospective, multicenter, longitudinal,
single-cohort, observational study with MDD participants
was performed using accelerometers and smartphone de-
livered questionnaires [18]. MDD patients who responded
to, and continue to respond to an oral antidepressant treat-
ment regimen were selected. The study consisted of 2
parts: a screening phase of up to 2 weeks, and an observa-
tional phase of variable duration. A total of 350 participants
were recruited.

The RADAR-CNS programme advances the field in a num-
ber of ways. Other studies to date have made little or lim-
ited use of multi-parametric remote monitoring (RMT) by
combining different sensors to detect signatures helpful for
predicting outcomes in MDD. RADAR-MDD will take advan-
tage of the combination of multiple sensor types along with
remote data collection from a clinical population.

Detection of seizures using non-EEG wearable devices has

been reasonably well studied over the last decade [7]. How-
ever, performance of the proposed models has often been
unsatisfactory, particularly in terms of specificity, although
some studies do show some promising results for seizures
with a large motor component [3]. Additionally, few studies
have been conducted outside of an in-patient environment,
so the performance of these models in the real-world is
unknown. To address the accuracy issues of models that
only use a single sensor type, usually an accelerometer,
there has been a movement within the field towards detec-
tion using multiple modalities[7]. A few studies have used
using multiple sensors. Poh et al. used electrodermal ac-
tivity (EDA) and an accelerometer, and showed increased
GTCS detection performance when using both as opposed
to only acceleration in 7 patients[16]. Heldberg et al. also
used EDA and an accelerometer, looking at both convul-
sive and non-convulsive seizures in 8 patients [11]. Other
studies have looked at the combination of acceleration and
ECG-derived cardiac features[19, 9]. The use of multiple
sensors does not always uniformly lead to better perfor-
mance; Milosevic et al. report improved seizure detection
but lower specificity when using both accelerometers and
electromyography[15]. Finally, through the RADAR-base
platform we have developed a well engineered open source
platform with highly generalizable capabilities.

Methods
Remote Data Collection for Major Depression
RADAR-MDD, the major depression clinical substudy of
RADAR-CNS, makes use of a range of data collection in-
struments as discussed below.

Passive RMT (pRMT) app
The passive application runs in the background, requiring
minimal or no input from participants. Data is collected from
smartphone "sensors" corresponding to a range of cate-



gories considered putatively relevant to the study, including
(i) movement sensors: acceleration, gyration, and steps,
and obfuscated relative GPS location; (ii) social character-
istics: call duration, a log of SMS communications, contact
list, and nearby Bluetooth handshakes; (iii) environmental
sensors: ambient light, battery level, magnetic field, and
weather conditions; (iv) user interaction with other applica-
tions and their phone; and (vi) keystrokes are collected in
a subsample. All the collected data is pseudonomised, for
example by hashing contacts names and phone numbers,
and by using an unknown offset to obfuscate location.

Wearable Sensors
The Fitbit Charge 2 was selected to be worn by participants
in RADAR-MDD for the duration of the study, providing
metrics derived from the watch accelerometer and pho-
toplethysmography (PPG). These data are processed on
the device by vendor algorithms to provide information on
heart rate, movement, daytime and sedentary activity, phys-
ical exercise, step count, and sleep patterns and efficiency.
Data is collected into the RADAR-base platform from the
Fitbit Web API, using the 3rd Party Data Integration service.

Active RMT (aRMT) app
Variation in the depression symptoms are measured via
the 8-item Patient Health Questionnaire (PHQ8) [13] ev-
ery 2 weeks throughout the course of follow-up. Variation in
self-esteem is measured using the Rosenberg Self-Esteem
Scale (RSES) [10]. The RSES is a widely-used 10-item
self-reported questionnaire used to quantify self-esteem
along a continuum and is administered alongside the PHQ8
every 2 weeks. As with the PHQ8 and RSES, every 2-
weeks participants are asked to complete a speech task.
This requires participants to read aloud, in a quiet area,
some excerpts from "The North Wind and the Sun", which
has been shown to be phonetically balanced across all

three languages [20]. The excerpts are offered on a random
schedule to prevent rehearsal and fluency and preserve
prosodic features. In addition to this, participants are asked
to respond to the following question: "Can you describe
something you are looking forward to this week?". The
aRMT app also delivers an Experience Sampling Method
(ESM) schedule, designed to collect brief, in-the-moment
assessments relating to several domains of interest: mood,
stress, sociability, activity and sleep. Participants will re-
ceive a series of questions intended to reflect their current
state (such as "right now, I feel content"), with 7-point Lik-
ert scale answer options (0=Not at all, 7 = Very much). The
ESM schedule consists of approximately 44 items, taking
up to 3-minutes to complete, delivered 9 random times per
day within 90-minute blocks starting from 08.30 and ending
at 22.00 for 6 consecutive days every 6 weeks.

THINC-IT app
THINC-it is a third party app used to assess cognitive func-
tion both objectively and subjectively, validated for detecting
cognitive dysfunction in patients with MDD[14]. It incorpo-
rates four game-like digital assays, variants of widely-used
cognitive assessments and a 5-item questionnaire assess-
ing perceived deficits in memory, concentration, and atten-
tion over the previous week.

In-Hospital Data Collection for Epilepsy seizure
detection
Hospital in-patient participants are recruited for the RADAR-
EPI substudy of RADAR-CNS study as part of an otherwise
typical stay at the Clinical Neurophysiology Department at
Kings’ College Hospital (KCH), London, UK or the Epilepsy
Center at the University Hospital of Freiburg, Germany. Pa-
tients are monitored by a video-EEG and seizures are an-
notated by clinicians as part of the routine clinical assess-
ment of their seizures. This provides ready-made source of



gold-standard labels for use in developing wearable-based
seizure detection methods. In parallel, each patient wears 1
to 3 of the study wearable devices; the Empatica E4 wrist-
band, Faros 180, Biovotion VSM1, or an offline IMEC de-
vice. The IMEC device records data offline, which is rou-
tinely transferred to the RADAR-base storage server. The
other devices send data to the RADAR-base platform via a
Bluetooth-paired android device through the passive RMT
app.

Passive RMT (pRMT) app
The RADAR-base passive app (pRMT) has the capability to
quickly integrate data sources (via pRMT plugins) such as
wearable devices. The Empatica E4, Faros 180, and Biovo-
tion VSM devices have been integrated for the EPI study.
Each device was selected because of its ability to monitor
physiologically relevant parameters. Acceleration, EDA, and
heart rate. Cardiac features are measured either by PPG in
the Empatica and Biovotion devices, or by ECG in the Faros
device. The IMEC, although not integrated into the pRMT
due to unavailability of a software development kit but has
similar sensors to the Faros. Raw data is collected directly
over Bluetooth (in comparison to the Ftibit where data is
retrieved from the vendor data warehouse).

Study Population
As part of the RADAR-CNS programme RADAR-base
is deployed to carry out RADAR-CNS studies at 8 sites
across Europe, with the goal of enrolling MS (n=640), MDD
(n=500) and EPI (n=200) participants.

Current Status of the MDD and EPI Studies
At present there are 66 enrolled patients in the MDD study
at KCH. So far there has been a total of 127 patients en-
rolled in the EPI study across KCH and Freiburg.

Statistical and Analysis Plan
Preliminary analysis of the MDD dataset will investigate cor-
relations between the PHQ-8 scores and basic aggregated
features, obtained from the recording biosensors, which
should be representative of behaviours associated with de-
pression. The PHQ-8 questionnaire is taken every 2 weeks,
and so the outcome is at a much lower frequency than the
raw signals. Simple proxies for sleep, activity, sociability,
cognition, and ambulation will be used to classify current
depression, where current depression is determined by a
PHQ-8 score ≥ 10. The ability of those features both to de-
tect depressive periods between subjects and to monitor
the progression of depressive symptoms within individuals
will be explored. Rarer clinical relapse will also be reported
for the cohort over the 2 year data collection period provid-
ing more definitive outcome measure where present. It may
be necessary to design features in such a way that they are
able to deal with missing data, or else use a model that is
able to use missingness informatively [4].

The initial analysis of the epilepsy data requires a differ-
ent approach. Seizures are typically short and sparse, so
the primary challenge is to be able to detect the relatively
short periods of ictal activity between the much more com-
mon segments of interictal time, while keeping the false
positive rate at an acceptable level. Initial focus will be
on the offline detection of generalised and focal seizures
with a motor component, particularly those with tonic or
clonic movements, using a combination of the available
signals. The combination of the different signal modalities
should improve the estimation accuracy of a single rele-
vant parameter, and also allow the analysis using multiple
physiologically-relevant parameters, enabling a panoramic
view of the patient’s status.

Because a few participants have had a large number of



seizures (n > 15) during their in-patient stay, there is an op-
portunity to measure the performance of an individualised
seizure detection algorithm as successive seizures are
added to the model. This will have application to future am-
bulatory studies, in which it will be important to know how
much data is required for an adequately accurate model.
Firstly, we will follow a analytical pipeline similar to those in
prior seizure detection work, extracting features from the
EDA, accelerometer, and heart rate signals, and classify-
ing the ictal period of focal motor seizures using a support
vector machine. Although the specificity of previous work
has been too low, the larger sample size of the EPI study
may help improve accuracy of similar models. Addition-
ally, we will try and determine feature importance with the
intention of elucidating performance gain from including ad-
ditional signal modalities. Subsequently, we will investigate
the feasibility of using deep learning techniques which may
provide better generalization. Given the relative sparsity of
ictal data, it may be necessary to use unsupervised neural
networks to extract features, or to use transfer learning from
the activity recognition domain.

Results and Discussion
A tonic EDA response during the post-ictal period has been
noted elsewhere[8], and often occurs within the RADAR-
EPI dataset. An example is given in Figure 1, showing an
Empatica E4 recording of acceleration and EDA over a
night-time 5-hour period. The convulsive seizure at 05:05
is followed by a large increase in skin conductance, with
a peak at 05:10. There are other tonic peaks in the EDA,
but they do not coincide with a seizure-like accelerometer
trace. Equally, there is not evidence accelerometer traces
with repetitive or otherwise confusable characteristics in the
inter-ictal period being succeeded by an EDA response. Al-
though not totally consistent across all participants and all
seizures, it is a general pattern that illustrates the potential

to use multiple modalities for increased specificity.

Figure 1: Data stream from a patient wearing an Empatica E4
during a night. The patient had a focal motor seizure at 05:05
(BST), corresponding to a burst of movement in the accelerometer
(top), and subsequently followed by a peak in EDA (bottom). Other
movements and peaks in EDA during the interictal periods do not
follow the same pattern.

The preliminary data from the MDD study shows a range
of depressive symptoms, with a mean PHQ-8 score of 10.4
and standard deviation of 6.2 in the 76 PHQ-8 question-
naires so far recorded. Five participants have had a de-
pressive episode, progressing from a PHQ-8 score < 10, no
depression, to a score >= 10, current depression, in the fol-
lowing questionnaires. Of those, one returned to a ’no de-
pression’ state after a week. There is, therefore, already a
small amount of intra-individual variation recorded, although
longitudinal effects should become clearer as the follow-up
data collection period continues.



Figure 2: Activity of a participant as measured by the standard
deviation of their phone’s acceleration with corresponding PHQ-8
and RSES scores collected on the first day and every fortnight
thereafter. Each row corresponds to a day. The questionnaire
scores suggest the participant is not in a depressive mood (PHQ-8
scores < 10) and has a normal level of self-esteem (RSES scores
between 15-25). There is missing data on days 10-12.

Missing values may prove a challenge for the MDD analy-
sis. Firstly, due to technical challenges associated with a
project of this magnitude. Secondly, and more commonly,
through participant non-adherence and differing levels of
engagement with the study applications and their phone in
general. Even in patients with high adherence, there are

likely to be times during which data is not collected. Figure
2 shows the first month of accelerometer data from a par-
ticipant, alongside PHQ-8 and RSES responses. Although
overall adherence is high for this participant, there is still a
48 hour gap during which no data is available. Disentan-
gling missingness due to technical issues and missingness
due to the participant non-adherence, and then directly in-
corporating that information into a model may be important,
because depressive symptoms may affect adherence.
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