arXiv:2107.00710v3 [cs.LG] 6 Apr 2022

Long-Short Ensemble Network
for Bipolar Manic-Euthymic
State Recognition Based on
Wrist-worn Sensors

Ulysse Coté-Allard !, Petter Jakobsen >®, Andrea Stautland ®, Tine Nordgreen *°, Ole Bernt
Fasmer 2, Ketil Joachim Oedegaard 2, Jim Torresen '

! Department of Informatics, University of Oslo, Oslo, Norway

2 NORMENT, Division of Psychiatry, Haukeland University Hospital, Bergen, Norway

3 Department of Clinical Medicine, University of Bergen, Norway

4 Department of Clinical Psychology, Faculty of Psychology, University of Bergen, Bergen, Norway
5 Division of Psychiatry, Haukeland University Hospital, Bergen, Norway

Abstract—Manic episodes of bipolar disorder can lead to uncritical behaviour and delusional
psychosis, often with destructive consequences for those affected and their surroundings. Early
detection and intervention of a manic episode are crucial to prevent escalation, hospital
admission and premature death. However, people with bipolar disorder may not recognize that
they are experiencing a manic episode and symptoms such as euphoria and increased
productivity can also deter affected individuals from seeking help. This work proposes to
perform user-independent, automatic mood-state detection based on actigraphy and
electrodermal activity acquired from a wrist-worn device during mania and after recovery
(euthymia). This paper proposes a new deep learning-based ensemble method leveraging long
(20h) and short (5 minutes) time-intervals to discriminate between the mood-states. When tested
on 47 bipolar patients, the proposed classification scheme achieves an average accuracy of
91.59% in euthymic/manic mood-state recognition.

Index Terms: Bipolar Disorder, Mood State
Recognition, Wearable, Actigraphy, Manic
Episodes

B BiPOLAR DISORDER is a severe mental
disorder characterized by intense periodic mood
fluctuations, lifelong disability and a high disease
burden which affects more than 1% of the global
population [1], [2].

People with bipolar disorder have a mortality
risk twice as high as the general population, due
to somatic comorbidities and suicide rates 20 to
30 times higher than the general population [2].
Bipolar disorder is usually divided into two sub-
groups, Bipolar I and Bipolar II. Bipolar I is de-
fined by the presence of manic episodes, typically
characterized by increased energy, inflated self-
esteem, increased need to pursue goal-directed
actions, reduced subjective need for sleep, and
often associated with the presence of hallucina-
tions and delusions. The elevated mood defining



Bipolar II is hypomania, a less severe form of
mania, and without hallucinations and delusions.
Another difference is that at least one major
depressive episode is needed for the diagnosis
of Bipolar II but not Bipolar I. The presence
of depressive episodes, which are typically char-
acterized by diminished initiative and energy, as
well as disturbed sleep patterns are nevertheless
common in Bipolar I. The neutral state euthymia
can be characterized as the in-between state that
neither meets the criteria for depression nor ma-
nia/hypomania.

Early help and intervention is an important
factor in mitigating the risks associated with
mania [3]. However, it can be hard for the affected
person to realise that they are experiencing an
episode [1]. Further, even when recognizing that
a manic episode is occurring, the sense of eupho-
ria and increased productivity can be dissuading
factors in seeking help.

As no biomarker has yet been approved for the
diagnosis of bipolar disorder [1], current practices
in assessing mood episodes focus on subjective
observation in conjunction with semi-structured
clinical rating scales [4]. Consequently, it remains
challenging to perform efficient targeted inter-
ventions, due to the delicate balance between
adequately monitoring the patient and moderat-
ing the impact of repeated appointments on the
healthcare system and the patient’s life. Changes
in mood triggered by an affective disorder are not
only associated with changes in behaviour, but
are also reflected in several biological processes,
such as in the autonomic nervous system [1], [4],
[5].As a result, much effort has been deployed in
characterizing mood-states in affective disorders
from various biosignals (e.g. electrodermal ac-
tivity (EDA), actigraphy, electrocardiogram),with
the aim of automatically identifying state-change
without human intervention. To achieve this goal
however, the system used to record the biosig-
nals must be non-intrusive to allow continuous
recording without affecting the patient’s daily life.
Smartwatches and smart wristbands are especially
well suited for such an application as in addition
to being non-intrusive, they are easy to setup,
commonly available and relatively inexpensive.
Consequently, this work focuses on the prob-
lem of manic-euthymic automatic state recog-
nition using biosignals recorded from a wrist-

worn wearable. For state-recognition, the sensors
considered are a 3-axis accelerometer (actigra-
phy), EDA and a photoplethysmography (PPG)
(from which the heart rate (HR) can be derived).
Further, this work considers the setting where
no data for training is available from the patient
that is to be predicted on. This is necessary
for the system to be calibration-free and user-
independent.

The literature on state recognition in af-
fective disorders primarily focuses on feature
engineering, with the goal of characterizing a
segment generated from a given modality (e.g.
heart rate, actigraphy, speech) in a discrimina-
tive way. While these types of approaches have
been shown to be able to discriminate between
different states [4],they often do not explicitly
consider the temporality of the characterized seg-
ment. Contrastively, Time Series Classification
(TSC) algorithms are made specifically to lever-
age this temporal information. For multivariate
TSC, InceptionTime is a method based on con-
volutional networks which was shown to achieve
state of the art results for real-time multivari-
ate TSC applications [6]. As such, one of this
work’s contributions is to divide a multimodal
segment into multiple sub-segments, from which
meaningful features are extracted before applying
an InceptionTime-based architecture to perform
automatic manic-euthymic state recognition for
never-seen-before patients.

The type of information derived from the
characterization of biosignals is dependent on
the considered timespan (e.g. seconds, minutes,
hours) [4], [7]. Consequently, another contribu-
tion of this work is to employ an ensemble of
networks which are fed features extracted from
both minute-long and hour-long intervals to lever-
age the information extracted from both horizon
lengths. Note that in this work, the term network
is used in a machine learning context to refer to
deep learning models.

Data Acquisition and Preprocessing

Participants and Data Acquisition

As a first step in the goal of automatically
detecting manic episodes, this work focuses on
a dataset that was recorded in a two-phased
clinical study of bipolar disorder. All participants



were diagnosed according to the International
Classification of Diseases (ICD)-10 [1]. 58 par-
ticipants were included and of these 28 were
recorded when hospitalized due to an ongoing
manic episode (ICD-10 diagnosis F31.1 (cur-
rent episode manic without psychotic symptoms)
and F31.2 (current episode manic with psychotic
symptoms)). The clinical psychiatrists residing at
the two closed affective wards at Haukeland Uni-
versity Hospital suggested potential candidates
after assessing their ability to consent.

A group of 30 euthymic patients, not overlap-
ping with the manic group, were also included
in this study. These participants were additional
participants from the first part of the study (when
discharged from the hospital), or recruited from
the hospitals’ outpatient clinic or the local advo-
cacy group for bipolar disorder.

Inclusion criteria for both phases of the study
were Norwegian speaking individuals between 18
and 70 years diagnosed with bipolar disorder,
able to comply with instructions and having an
IQ above 70. Exclusion criteria were previous
head trauma needing hospital treatment, having
an organic brain disorder, substance dependence
(excluding nicotine), or being in a withdrawal
state. The study protocol was approved by The
Norwegian Regional Medical Research Ethics
Committee West (2017/937). Written informed
consent was obtained from all participants and
no financial compensation/treatment perks were
provided. All patients (except two in the euthymic
group) were taking various combinations of pre-
scribed medications.

The patients’ mood-states were established
at inclusion and at regularly repeated clinical
assessments using the Young Mania Rating Scale
(YMRS) [1].YMRS rates the severity of mania
based on clinical observations and the patients’
subjective description of their state. The total
score spans from 0 to 60, and a YMRS score
below 10 is considered as being in remission, or
in an euthymic state [8]. The participants were
also assessed with the Montgomery Asberg De-
pression Rating Scale (MADRS) [1], a commonly
used scale for measuring the presence and sever-
ity of an ongoing depression. MADRS scores
span between 0 and 60, and scores below 10 are
defined as the absence of depression [9].For the
euthymic participants, the bipolar diagnosis was

validated using the Mini-International Neuropsy-
chiatric Interview (MINI) version 6.0.0 [10].

Table 1 presents the demographic characteris-
tics for both groups.

The data used in this work was recorded with
the Empatica E4 wristband worn on the domi-
nant wrist for 24h. The device provides a 3-axis
accelerometer, an EDA sensor, a skin-temperature
sensor and a PPG.

Post-recording exclusion

This study aimed to limit the impact of
the recording process on the participants’ be-
havior. Therefore, besides being asked to wear
the smart wristband, participants continued their
treatment unhindered by the research protocol.
Consequently, depending on when the next day
assessment took place, the total recording pe-
riod varied between participants and could span
less than 24h. Additionally, some participants
removed their wristband during recording, some-
times multiple times and for multiple hours.
Therefore, manual segmentation based on skin-
temperature and accelerometer was performed to
identify and remove the data recorded when the
wristband was off. Because of these two factors
aggregating, three participants (all manic) did not
reach the minimum amount of data defined within
this study (>20h) and were not considered when
reporting results.

Dataset Segmentation

Acquiring data in a clinical context is a la-
borious process, often making the creation of
large datasets impractical. Further, as the samples
are not independent and identically distributed
(i.i.d.), special care has to be taken to avoid
data leakage (i.e. information contained within
the test set indirectly being used during training).
Consequently, within this work, data is com-
partmentalized such that samples from the same
individual will only be considered within the
same set (i.e. train/validation/test set). Further, a
subset of the recorded dataset was reserved for
data exploration, architecture building and hyper-
parameter optimization. This subset, dubbed the
exploration dataset is comprised of three manic
and five euthymic randomly selected participants.
An additional two manic participants come from
two of the three previously excluded individuals



Table 1. Characteristics and demographics of the two analyzed patient groups

Manic Euthymic p
Group Size, Age and Sex
28 30
Mean Age (SD) 44 (15) 43 (14) NS*
Age Range (minimum - maximum) 18-70 23-67
Sex (Percent Women) 57% 67% NS**
Marital Status NS**
Single/Divorced 54% 53%
Married/Cohabiting 46% 47%
Employment Status NS**
Employed/Student 43% 63%
Unemployed 11% 17%
Disability Benefit/Retired 46% 20%
Level of Education NS#**
Junior High School 32% 20%
High School/Vocational Studies 25% 37%
University/Higher Education 36% 43%
Unknown 7% 0%
Diagnostic Status
Diagnoses (BP1/BP2) 28/-¢ 17/13 <0.001**
Mean Score YMRS (SD) 241 3.7) 3221 <0.001*
Mean Score MADRS (SD) 6.1 (44) 4.1 3.5) NS*
Season for E4 Recording (percent summer)® 43 50 NS**
Psychopharmacological Treatment 0.015%*
Mood Stabilizers 86% 80%
Antipsychotics 96% 47%
Antidepressant 7% 23%
Benzodiazepines 29% 10%

Abbreviations: SD = standard deviation, NS = Not Significant, BP1 = Bipolar disorder type 1, BP2 = Bipolar disorder type 2,
YMRS = Young Mania Rating Scale, MADRS = Montgomery Asberg Depression Rating Scale, - =Not Applicable.
* Independent Samples t-test with Levene’s test for Equality of Variance. Null hypothesis rejected at p<0.05.
*% Pearson’s chi-squared test. Null hypothesis rejected at p<0.05.
@ Clinical ICD-10 diagnosis given at hospitalization for the current manic episode, either: F31.1, current episode manic without
psychotic symptoms (39%) or F31.2, current episode manic with psychotic symptoms (61%).
b Summer defined as the half-year period between the vernal and autumnal equinoxes.

(as >18h of recording was available for both).
This was done to minimize the amount of partic-
ipants that had to be taken out and to leverage
otherwise discarded data.

The dataset containing the remaining 47 par-
ticipants (22 manic and 25 euthymic) will be
referred to as the main dataset. Due to the lim-
ited amount of participants , leave-one-out cross-
validation is employed for evaluating the different
methods considered. In other words, to evaluate a
classifier, 47 independent rounds of training will
be performed where the held-out test set will
correspond to a different individual each time.
Further, the exploration dataset is concatenated
with the main dataset’s training set to increase the
amount of training data which can facilitate better
generalization. Due to the stochastic nature of the
considered algorithms, all results are reported as
an average of 20 runs.

Data Processing
The following section details the data pro-
cessing employed for each modality and presents

the different feature sets considered. Note that
skin-temperature can be influenced by external
factors (e.g. ambient temperature), which can lead
to data leakage (e.g. higher room temperature on
average for a given group). As this factor was not
controlled for, skin-temperature’s contribution in
distinguishing the mood-state is not investigated.

Processing of the different modalities
Data processing of the biosignal was facili-
tated by the NeuroKit2 [11] library in Python.

Electrodermal Activity The EDA employed
in the wristband has a sampling frequency of 4Hz
and a range between 0.01 and 100 pSiemens.
During processing, a low-pass butterworth fil-
ter of order 4 at 1.5Hz is applied to better cap-
ture both the tonic and phasic component of the
signal [12]. From the cleaned signal, a high-pass
butterworth filter of order 2 at 0.05Hz is applied
to extract the phasic component of the signal [11],
[12]. Skin Conductance Response (SCR) peaks
are then identified by extracting the local maxima



of the filtered signal, rejecting peaks with an
amplitude below 10% of the standard deviation
from the mean of the amplitude as implemented
in [11].

Photoplethysmograph and Heart Rate
The wristband’s PPG employs a green and a red
light-emitting diode (LED). The E4 uses a black
box algorithm to fuse the information retrieved
from the green and red exposure to limit the
impact of motion artefacts.The black box algo-
rithm’s output is what is made available at a sam-
pling rate of 64Hz. Within this work, a band-pass
butterworth filter of order 3 was applied between
0.5 and 8Hz to the signal. The systolic peaks were
then extracted from the filtered signal based on
the method described in [13] and implemented
in [11]. The distances between these peaks are
referred to as NN to emphasize the fact that
abnormal beats have been removed [7].

The HR is also made available by the E4 at a
sampling rate of 1Hz and represented the average
HR values computed in a span of 10 seconds.

Actigraphy The 3-axis accelerometer inte-
grated in the E4 has a range of £2¢g and is
cadenced at 32Hz. For each participant, each data
point was processed as follows:

Vat+y?+22—1yg (1)

Where x, y and z represent the recorded value
for their associated axis and 1g represents the
gravitational constant.

Feature Extraction

Electrodermal Activity Feature Set

Two features were extracted from the EDA
modality. First, the autocorrelation with a lag of
4 was computed from the filtered low-pass EDA
signal as suggested in [14]. The second feature
was extracted by taking the mean amplitude of
the SCR peaks.

Heart Rate Variability Feature Set

The sample entropy (SampEn) was extracted
to measure the level of predictability in suc-
cessive NN intervals [7]. The standard devi-
ation of the NN intervals (SDNN) [7] was
also calculated. Note that popular features such

as the root mean square of successive differ-
ences (RMSSD) [7] and Low-Frequency/High-
Frequency ratio [7] were not considered as they
are particularly noisy when computed from a
PPG signal [15]. Consequently, the feature set
extracted for the Heart Rate Variability (HRV) is
as follows:

[SDNN, SampEn] 2)

Actigraphy and Heart Rate Feature Sets

Multiple feature sets were considered for the
characterization of both the processed actigraphy
and heart rate.

Bipolar Complexity Variability Features
Set The Bipolar Complexity-Variability (BCV)
feature set is derived from [16] and is defined as
follows:

o RMSSD

pw  SD
Where 1 and o correspond to the mean and
standard deviation of the signal, while RMSSD

corresponds to the root mean square of successive
difference.

, SampEn 3)

TSD The initial features proposed in [17] are
considered as a features set and referred to as
Temporal-Spatial Descriptors (TSD). TSD con-
sists of: the Root squared zero, second and fourth
moments as well as the Sparseness, Irregularity
Factor, Coefficient of Variation and the Teager-
Kaiser energy operator.

In addition, a new feature set proposed in this
work is the combination of TSD with BCV, which
will be referred to as the TSD-BCV feature set.

Mood-State Classification Methods

Two types of intervals from which to com-
pute the different feature sets are considered:
long (20h) and short (5 minutes). The following
subsection provides a thorough description of
the classifiers used for both intervals and their
combination.

Long Interval Classification

Sequences lasting 20h were selected in this
work as a balancing act between including as
many of the participants as possible for evaluation



(as their recording needed to be at least that
long) and being as close to a full day cycle as
possible. The previously presented feature sets are
thus computed directly from these long intervals
for each participant. When considering multi-
ple modalities simultaneously, features from each
sensor are concatenated together into a single
vector. As a form of data augmentation, a sliding
window with an overlap of 19.5h is applied
to generate the examples from each participant.
This data augmentation procedure resulted in an
average of ~13 examples per participant.

For each fold in the leave-one-out cross-
validation scheme, each feature is scaled between
-1 and 1 using min-max scaling. Note that the
minimum and maximum values are obtained from
the training set and the min-max normalization
is performed on both the training and test set.
The following eight classifiers are then con-
sidered for mood-state classification: K-Nearest
Neighbors (KNN), Linear Discriminant Analysis
(LDA), Quadratic Discriminant Analysis (QDA),
Decision Tree (DT), Random Forest (RF), Ad-
aBoost and Support Vector Machine (SVM) both
with a Linear and Radial Basis Function (RBF)
kernel. Class weights were balanced to account
for under/overrepresentation of a given class. Hy-
perparameter selection is performed using ran-
dom searchwith 50 candidates. The validation
set employed for the random search is extracted
from the current training set fold by randomly
selecting 2 manic and 2 euthymic participants.
The hyperparameters considered for each classi-
fier are presented in Appendix-A. The classifiers’
implementation comes from scikit-learn (v0.24.1)
in Python [18].

Short Interval Classification

Instead of characterizing the signal by extract-
ing features over long intervals, this classification
approach proposes considering much shorter in-
tervals (five minutes) as subwindows of the full
example from which to extract the features. For
each fold in the leave-one-out cross-validation
scheme, each feature is then scaled between -
1 and 1 using min-max scaling, as previously
described. An example is then created by aggre-
gating consecutive subwindows to form a Frr x W
matrix. Where F7r represents the number of input
features and W being the number of subwindows

forming the example. The idea is then to perform
feature learning via an InceptionTime Network to
discriminate between the different mood-states.
Note that due to the structure of the network’s
architecture employed, it is possible to train with
examples of varying lengths (i.e. number of sub-
windows). As such, the examples created vary in
length between 20h and 24h using increments of
40 minutes. Additionally, examples were created
with a sliding window using increments of 25
minutes. This data augmentation procedure yields
an average training set containing ~4000 exam-
ples. As from the exploration dataset, it was found
that the best combination of sensors was obtained
by combining EDA and Actigraphy data (with the
TSD-BCYV feature set), each example has a shape
varying between 11 x 240 and 11 x 288 (Feature
X Time).

Figure 1-(A) details the proposed network’s
architecture which is refered to as the Short
Network. RangerLars [19] is employed for the
network’s optimization with a batch size of 128.
The learning rate (Ir=0.0037) was selected from
the exploration dataset by random search using
a uniform random distribution on a logarithmic
scale between 107¢ and 1 with 50 candidates
(each candidate was evaluated five times). Mini-
batches are built using a bucket approach where
sequences of the same length are grouped to-
gether. Early stopping, with a patience of 20
epochs is applied by using 10% of the participants
in the training set as a validation set (randomly
selected). Additionally, learning rate annealing,
with a factor of five and a patience of ten was
also used.

Short-Long Interval Classification

Features extracted from biosignals spanning
different time intervals represent different char-
acteristics of human behavior [4], [7]. Therefore,
this work proposes leveraging features extracted
from both short (five minutes) and long (20h) pe-
riods. To do so, first a Short Network is trained as
described in the previous section. After training,
the network’s weights are frozen and a second
network is created, which is shown in Figure 1-
B. This network takes the concatenation of the
long-interval features and the learned features
from the Short Network (directly after the Global
Average Pooling) as input and will be referred
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Figure 1. (A) The network’s architecture employed for Mood-State Bipolar classification using short intervals
containing 2830 learnable parameters. In this figure, R; refers to the ith residual block (i € {1, 2,3}), while B;
refers to the jth InceptionTime block (5 € {1, 2, 3}). Conv refers to a convolutional layer and GAP refers to the
Global Average Pooling operation. Finally, the plus signs refer to an element-wise summation. (B) Short-Long
Network’s architecture using 5689 parameters. The features from the Short Network corresponds to the output
of the global average pooling operation in the Short Network.



thereafter as the Short-Long Network. The Short-
Long Network’s architecture was built using the
exploration dataset and training procedure is as
described in the previous section. Note however,
that this time, the interval length is static (20h).

Ensemble Method

As mentioned in [6], InceptionTime networks
can exhibit high variance in terms of performance
between training and therefore can benefit from
an ensemble method approach. Consequently, this
work also considers an ensemble of five networks
for mood-state classification for both the Short
and the Short-Long network. The predicted state
will thus be the average prediction over the five
networks’ output. These methods will be referred
to as the Short Ensemble Networks and the Short-
Long Ensemble Networks respectively.

It should be noted that ensemble approaches
substantially augment both training and infer-
ence time of the model. However, in the current
context, mood-states evolve over a period orders
of magnitude higher than the latency added by
considering ensemble methods (which take less
than a second for inference). Consequently, the
considered ensemble approaches do not reduce
the practical application of the proposed method
within this work’s context.

The methods to extract the feature sets and
networks implementation are available here.

Experiments and Results

In this paper, accuracy represents the per-
participant mean percentage of correctly classi-
fied classes averaged over all participants (i.e.
each participant’s contribution to the accuracy
score is weighted equally regardless of the num-
ber of examples provided by said participant).
Note that, given the slight class imbalance on a
per-participant basis of the considered dataset, a
classifier systematically predicting the most com-
mon class would achieve an accuracy of 53.19%.

Long Interval

Figure 2-A presents a comparison of the
accuracy for mood-state recognition from the
different modalities available on the E4 (and
combinations of these modalities). For the sake
of concision, only the best performing classifier

and feature set for each sensor (and their combi-
nation) is reported (extended results are provided
in Appendix-B).

Short and Short-Long Interval

Figure 2-B shows a bar graph comparing the
best performing Long Interval method (Actig-
raphy with TSD-BCV using the Linear-SVM
classifier) against the Short Network, Short-Long
Network and their ensemble variants.

Following [20], a two-step statistical proce-
dure using Friedman followed by Finner’s post-
hoc test was applied. First, Friedman’s test ranks
the algorithms against each other. Then, Finner’s
post-hoc test is applied (n=47), using the best
ranked method as the control method. Finner’s
null hypothesis is that the mean of the results of
the control method against the other methods is
equal (compared in pairs). The null hypothesis is
rejected when p < 0.05. Overall, the Short-Long
Ensemble Networks obtained the highest average
accuracy at 91.59%+22.02% and was the best
ranked. Further, the difference between the Short-
Long Ensemble Networks and the Actigraphy
Long Interval, Short and Short-Long Network
was statistically significant (p = 0.01754, p <
0.00001 and p = 0.00001 respectively). No sta-
tistically significant difference was found between
the Short Ensemble Networks and the Short-Long
Ensemble Networks. Appendix-B details these
results in a table format.

Discussion

Bipolar disorder is a heterogeneous diagno-
sis [2]. Consequently, although there are certain
common diagnostic criteria, the disorder can man-
ifest widely differently across humans resulting
in large behavioral variations during a manic
episode. This behavioral variability makes the
task of mood-state recognition inherently chal-
lenging. Thus, the capability of automatically de-
tecting mood-states in people with bipolar disor-
ders in an objective and non-intrusive way would
vastly improve patient outcomes. This paper pro-
poses leveraging wrist-worn sensors in an effort
to meet the challenge. From a clinical perspective,
contrastingly to the current cross-sectional mood
assessment methods, such an approach could re-
duce the resource burden and provide evaluations
over longer time periods, thereby providing a
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Figure 2. All results are given as an average of 20 runs. Act, EDA, HR and HRV stands for: Actigraphy,
Electrodermal Activity, Heart Rate and Heart Rate Variability respectively. BCV, TSD and TSD-BCV correspond
to the three feature set considered in this work. (A) - Average accuracy over the 47 participants of the best
feature set and classifier combination for each sensor and sensor combinations. (B) - Comparisons between
the best performing Long Interval method (Act and HRV from the TSD-BCV feature set using the Linear-SVM

classifier) and the proposed Short Interval Methods.

more comprehensive view of the patients’ mood-
state.

For the Long Interval, 336 model combina-
tions were tested (14 possible sensor combina-
tions X 3 feature sets x 8 classifiers). Conse-
quently, one should expect that some form of
indirect overfitting took place. This was however
necessary to get an overall and meaningful picture
of the interaction of the different modalities with
each other. Additionally, these experiments enable
this work to provide a competitive comparison
basis of more traditional approaches against the
proposed Short and Short-Long networks and

their ensemble variants.

The long interval approach was not able to
effectively leverage the EDA and HRV features
when considered alone. In contrast, when com-
bining the features extracted from the actigraphy
and HRYV, an average accuracy of 81.54% over 47
participants can be achieved. Similarly, from the
results obtained on the exploration dataset, the
combination of Actigraphy+EDA was essential
in achieving the best performance. When test-
ing a version of the Short Network using only
the Actigraphy data, the performance degraded
to around 79% compared to ~83% with the
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proposed EDA+Actigraphy scheme. These results
indicate the advantage of considering a multi-
sensor approach for mood-state classification, al-
though more work is needed to establish how
to best characterize these different signals in a
complimentary way.

Overall, using a majority vote over a pe-
riod of 24h, the proposed Short-Long Ensemble
Network was able to correctly classify 45 out
of the 47 considered participants (misdiagnosing
two manic patients as euthymic). Thus, this work
showcases the feasibility of user-independent
euthymic-manic state detection in bipolar disor-
der.

The long-term goal of this research is to
enable automatic early detection of new manic
episodes in bipolar individuals at home, through
non-intrusive monitoring. Such an instrument
would significantly reduce the disease burden by
permitting patients or clinicians to implement
intervening measures in time to prevent a time-
stealing major mood episode. This would revo-
lutionize the monitoring and treatment of bipolar
disorder. Therefore, by showing that manic and
euthymic episodes can be accurately and automat-
ically distinguished based on biosignals recorded
from a smart wristband, this work can be viewed
as an important step in this direction.

Limitations

Within this work, the data available for any
given participant only spanned ~1 day. This
explains the high standard deviation experienced
by all methods as the classifiers had, in essence, a
single attempt at classifying the participant’s state
due to the highly correlated data collected for a
given recording session.

As a direct consequence of the absence of
intra-subject recording of both states, another
limitation of this work is that the training dataset
could not provide the learning algorithms with
explicit differentiable information between indi-
vidual variability and mood-state variability. An
additional distinction of the data considered in
this work compared to real-life scenario in which
these models would be applied, is that all the
manic recordings were performed within a clin-
ical environment. Consequently, the participants
were receiving active treatment during recording
and a certain form of schedule was externally

enforced on them, necessarily affecting their be-
havior. Additionally, the significant increased use
of antipsychotic medications (see Table 1) in the
manic group probably inhibited the elevated en-
ergy level commonly associated with mania [16].
Therefore, the data employed in this work had to
contend with an artificially altered gap between
manic and euthymic states. The impact of which
cannot be investigated until these methods are
tested in real-life. Another limitation related to
the recording of manic patients in a clinical envi-
ronment is that the period of transition between
the euthymic and manic state is not currently
considered. As such transition periods might hold
information that could enable the detection of
a future manic episode before its manifestation.
Future work will focus on recording an out-of-
hospital dataset to test the proposed method in
detecting the transition itself instead of the manic
episode.

CONCLUSION

This paper explores bipolar manic-euthymic
state recognition using data collected from a
wrist-worn sensors. A new feature set for this task
was proposed in the TSD-BCV which borrows
from both the affective disorder state recognition
and the myoelectric-based hand gesture recogni-
tion literature. Leveraging actigraphy and HRV
data in conjunction with the TSD-BCV, a L-
SVM classifier was able to achieve an average
accuracy of 81.54%+32.39% over 47 partici-
pants (22 manic and 25 euthymic). Further, a
new ensemble method comprised of Short-Long
Networks was able to achieve an average accu-
racy of 91.59%=+22.02% on the same dataset by
leveraging actigraphy and electrodermal activity
data. Thus, showcasing the advantage of a multi-
sensor approach for bipolar state-recognition. As
current diagnostic practices can be inaccurate and
require expert involvement [3], our results in au-
tomatically predicting mood-state in an unknown
patient based on wristband data represent a mean-
ingful step in the development of an instrument
to facilitate early detection and intervention of
manic episodes.
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Appendices

Appendix A
The hyperparameters considered for each clas-
sifier for the long interval case were as follows:

e KNN: The number of possible neighbors con-
sidered were 1, 3, 5, 11, 21. The met-
ric distances considered were the Manhat-
tan distance, the Euclidean distance and the

Minkowski distance of the third degree.

e DT: The quality of the split was measured
either by the Gini Impurity or its entropy. The
maximum number of features considered were
both the square root and the [ogy of the total
number of feature fed to the decision tree. The
tree could either have a maximum depth of
1, 2, 3, 5, 10 or an infinite maximum depth.
Finally, the minimum sample split was taken
from a uniform distribution between 0 and 1.

e RF: The range of the number of trees consid-
ered were 10, 50, 100, 500 or 1000. The other
considered hyperparameters were the same as
for the DT classifier.

e AdaBoost: The number of estimators were one
of 1, 10, 50, 100, 200. The learning rate was
drawn from a logarithm uniform distribution
between 1073 and 10°.

e SVM: For both the linear and RBF kernel,
the soft margin tolerance (C) was chosen be-
tween 1074 and 10® on a logarithm uniform
distribution. Additionally, for the RBF kernel,
the v hyperparameter was also selected on a
logarithm uniform distribution between 1074
and 103,

Appendix B

Results Long Interval The best classifier ob-
tained for every combination of sensors and fea-
ture set considered for the long interval are given
in Table 2.



Table 2. Average accuracy over the 47 participants of the best classifier combination for every feature set, sensors and

their combinations. For each participant the average accuracy over 20 runs is given.

Modalities Feature Set Cl?si?lfier Accuracy SD Friedman’s Rank ~ HO (p-value)

BCV L-SVM 78.02% 35.73% 2.06 1
Actigraphy TSD L-SVM 79.23% 36.45% 2.02 1
TSD-BCV L-SVM 79.80% 33.71% 1.92 -
BCV AdaBoost 54.13% 46.57% 2.02 1
EDA TSD RBF-SVM 57.16% 45.76% 2.05 1
TSD-BCV AdaBoost 56.81% 46.29 % 1.93 -

BCV KNN 57.15% 38.48% 2.02 N\A
HRV TSD AdaBoost 58.45% 47.27% 1.94 -

TSD-BCV AdaBoost 57.94% 47.12% 2.04 N\A
BCV LDA 66.00% 43.14% 1.94 -
HR TSD L-SVM 66.38% 45.28% 2.13 1
TSD-BCV LDA 66.00% 43.14% 1.94 -
BCV L-SVM 73.86% 36.94% 2.13 1
Act. + EDA TSD L-SVM 76.73% 38.18% 1.96 1
TSD-BCV L-SVM 76.06% 36.98% 1.92 -
BCV L-SVM 81.41% 32.20% 1.95 -
Act. + HRV TSD QDA 75.69% 36.60% 1.97 1
TSD-BCV L-SVM 81.54% 32.39% 2.09 1
BCV L-SVM 74.72% 38.55% 2.03 1
Act. + HR TSD L-SVM 76.49% 38.71% 1.99 1
TSD-BCV LDA 74.56 % 39.74% 1.98 -
BCV AdaBoost 55.80% 46.58% 1.99 1
EDA + HRV TSD AdaBoost 55.22% 46.59 % 1.90 -
TSD-BCV KNN 54.60% 43.40% 2.11 1
BCV LDA 66.54% 44.59% 1.96 -
EDA + HR TSD KNN 66.91% 41.22% 2.09 1
TSD-BCV LDA 66.54% 44.59% 1.96 -
BCV RBF-SVM 63.02% 44.53% 2.00 1
HRV + HR TSD L-SVM 62.08 % 45.86% 1.92 -
TSD-BCV KNN 63.69% 41.99% 2.08 1
Act. + EDA + BCV L-SVM 77.45% 34.14% 2.00 1
HRV TSD QDA 74.32% 36.04% 1.90 -
TSD-BCV L-SVM 74.66% 36.15% 2.10 1
Act. + EDA + BCV RBF-SVM  73.92% 40.96 % 1.93 -
’ HR TSD L-SVM 71.32% 41.77% 2.00 1
TSD-BCV AdaBoost 73.14% 39.84% 2.07 1
BCV QDA 59.98% 45.95% 1.98 1
EDA+ HRV: 19D KNN 60.96%  43.17% 1.94 -
TSD-BCV RBF-SVM 60.83% 46.78% 2.09 1
Act. + EDA + BCV L-SVM 73.03% 39.76 % 1.89 -
HRV + HR TSD L-SVM 69.91% 41.97% 2.09 1
TSD-BCV L-SVM 71.76% 40.46% 2.02 1

Two-step statistical procedure using Friedman’s rank test followed by Finner Post-hoc test using the best ranked method as
comparison basis. Null hypothesis rejected when HO=0 (p<0.05).

Comparison Short, Long and Short-Long
intervals Table 3 shows a comparison be-
tween the best performing combination of clas-
sifier/feature set/sensors for the long interval and
the Short, Short-Long and their ensemble vari-
ants.
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Table 3. Comparison of the best found classification scheme for the long interval with the Short and Short-Long

networks and their ensemble variants. For each participant the average accuracy over 20 runs is given.

Best Overall

Long Interval Short-Long
(heigpiy R, (S Shrebons - Shot enble i
L-SVM, Networks
TSD-BCV)
Accuracy 81.54% 82.80% 84.89% 87.45% 91.59%
Standard Deviation 31.53% 20.92% 18.69% 27.44% 22.02%
Friedman’s Rank 2.93 3.83 3.63 2.50 2.12
HO (p-value) 0 (0.01754) 0 (<0.00001) 0 (0.00001) 1 -
Cohen’s Dz 0.26 0.71 0.64 0.27 -

Two-step statistical procedure using Friedman’s rank test followed by Finner Post-hoc test using the best ranked method as

comparison basis. Null hypothesis rejected when HO=0 (p<0.05).
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