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Abstract— Bipolar disorder is a chronic psychiatric condi-
tion during which patients experience mood swings among
depression, hypomania or mania, mixed state (depression-
hypomania) and euthymia, i.e., good affective balance. Nowa-
days, an objective characterization of the temporal trends of the
disease as a response to the pharmacological treatment through
physiological signatures, especially during severe episodes, is
still missing. In this study we show interesting findings relat-
ing neuro-autonomic complexity to severe pathological mood
states. More specifically, we studied Sample Entropy (SampEn)
measures on Heart Rate Variability series gathered from four
bipolar patients recruited within the frame of the European
project PSYCHE. Patients were monitored through long term
ECG recordings from the first hospital admission until clinical
remission, i.e., the euthymic state. We observed that a mood
transition from mixed-state to euthymia passing through de-
pression can be characterized by increased SampEn values, i.e.
as the patient is going to recover, SampEn increases. These
results are in agreement with the current literature reporting
on the complexity dynamics of the cardiovascular system and
can provide a promising and viable clinical decision support
to objectify the diagnosis and improve the management of
psychiatric disorders.

I. INTRODUCTION

Bipolar Disorder (BD) is a chronic psychiatric condition
recognized to be one of the most common and dangerous dis-
order of the affectivity [1]. People affected by BD manifest
drastically altered mood regulation, experiencing unbalanced
mood shifts among depression, mania or hypomania, and
mixed states (both depression and hypomania), thus having a
significant impact on patients’ social, occupational, and gen-
eral functioning and wellbeing. Depression is characterized
by sadness and hopelessness (including suicidal ideation),
whereas mania leads to euphoria or irritability, excessive
energy, hyperactivity, hypertrophic self-esteem, and reduc-
tion of sleeping need. The moderate form of mania is called
hypomania. Sometimes, bipolar patients exhibit symptoms
from both the two clinical states at the same time (e.g. simul-
taneous presence of hyperactivity and lack of sleep needing
with feeling of sadness and suicidal thoughts). This status is
defined as mixed state. Finally, periods in which patients do
not show any pathological signs are called euthymic states. It
is important also to underline that mood disorders diagnosis
and evaluation (e.g., severity assessment) is based on clinical
interviews and questionnaires. Although these methods are
well standardized and provide a high reproducibility and
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accuracy a biological, an objective diagnostic exam (i.e., an
external diagnosis and severity assessment) is still missing.

Over the last few years, several studies have been focus-
ing on changes in the Autonomic Nervous System (ANS)
activity as possible source of biomarkers of pathological
mood swings [2]–[8]. In particular, measures of Heart Rate
Variability (HRV) series defined in the time and frequency
domain as well as derived from the theory of nonlinear and
complex systems, have been quite successful in character-
izing patients with mental disorders with respect to healthy
subjects [4], [8].

In previous methodological studies [9], [10], we provided
evidences on how a multi-parametric data-mining approach,
based on heartbeat dynamics over long term observations,
can be profitably used to discern different pathological mood
states associated to BD. Then, we showed how to signif-
icantly improve the assessment of patients with BD when
methods and parameters related to the ANS linear and non-
linear dynamics take into account the information related to
the temporal transition among mood states [11]–[13]. Here,
we investigate how to characterize the response to treat-
ment on a particular kind of BD patients who show severe
symptoms during depression and mixed-state episodes. In
particular, we investigated the actual existence of a temporal
trend in ANS complexity through a widely used complexity
measure such as the Sample Entropy [14], estimated on long-
term HRV series gathered from four patients.

Nonlinear dynamics of cardiovascular variability, in fact,
has been widely recognized in the current literature as a
result of many complex interaction between the sympathetic
and parasympathetic control of heart rate [15], showing
also multifractal properties [16]–[18] and being affected by
emotional stimuli [19]–[22], aging [23], [24], and disease
[25]–[28].

Data used in this study was gathered within the frame
of the European project PSYCHE (Personalized monitoring
SYstems for Care in mental HEalth) [10]–[12], [21], whose
ambitious objective was the development of a novel person-
alized multi-parametric platform comprised of a wearable
monitoring system including embedded sensors and a smart-
phone to better manage patients affected by mental disorders
such as BD.

II. MATERIALS AND METHODS

A. The PSYCHE Monitoring System
Extensive details on the PSYCHE project and the PSY-

CHE system can be found in [10]–[12]. Here, we used data
collected through the PSYCHE monitoring system which
is mainly comprised of a sensorized t-shirt able to acquire
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Fig. 1. Sensorized t-shirt as the core of the PSYCHE Wearable monitoring
system

ECG-HRV, respiration activity (RSP), and movement activity
including its classification (i.e. supine, sitting, sleep posture,
etc.), see fig. 1. All mentioned physiological signals are
acquired and preprocessed by means of a low-power elec-
tronic device which is embedded into the garment which
was developed by Smartex s.r.l (Pisa, Italy). In this study,
ECG signals were used to extract the HRV series, which
are constituted by the distance of two consecutive R-peaks
of the ECG. During the acquisition patients were free to
execute their daily activities and the signals were stored in
a microSD card and then sent to a central server through a
smartphone for further analysis.

B. Patient Recruitment and Experimental Protocol
Four patients (one male, age ranged from 32 to 58)

were recruited in the Psychiatric clinical ward at the Pisa
University Hospital according to the following exclusion /
inclusion criteria:

• age between 18-65 years
• clinical diagnosis of bipolar disorder and of acute mood

episode
• absence of high risk suicidal behaviors
• change of treatment (dosage and/or drugs) within the

previous two weeks
• absence of delusions and hallucination
• absence of a conduct abuse disorders
• possibility to express informed consent to the study
Patients were studied with an average frequency of 2-

3 times a month. Patients were monitored during an acute
episode of BD and followed until reaching clinical remission,
i.e., until the reaching of an euthymic state as long as such a
condition was presented within 3 months after the first visit.
In any case, in this study no more than six evaluations per
patient were performed. All clinical states were evaluated by
clinicians according to DSM-IV-TR criteria. In this study,
we recruited acutely depressed and depressed/hypomanic,
hospitalized patients. Table I shows the details on the patients
gender, age, and mood states during the course of the disease.

Pharmacological treatments included antidepressant, mood
stabilized, or antipsychotic.

TABLE I PATIENTS CHARACTERISTICS

Patients Age Gender Visit number
1 2 3 4 5

BP1 52 F dep dep euth
BP2 45 F dep dep dep euth euth
BP3 58 M mix mix dep euth
BP4 32 F mix mix euth
dep:depression, mix: mixed episode, euth: euthymic state.

In line with literature, we considered the patient in a
depressed status when QIDS-C16 score was >8 a ma-
niac/hypomaniac status when YMRS was score >6 and a
mixed episode when the two scales were both over the above-
mentioned cut-off threshold.

Before the recruitment, a professional clinician explained
the rationale of the study and all the subjects read and signed
the informed consent document. Patients were asked to wear
the PSYCHE wearable monitoring system at all times until
the battery ran out, i.e. approximately 18 hours. Therefore,
there was no need of particular experimental conditions as
the patient was free to perform normal activities. The study
was approved by the ethical committee of the Pisa University
Hospital "Santa Chiara", Italy.

C. Methodology of Signal Processing

The ECG signals were acquired with a sampling rate of
250 Hz and pre-filtered through a tenth order band-pass finite
impulse response filter having cut-off frequencies of 0.05-
35 Hz, approximated by the Butterworth polynomial. After-
wards, R-waves were automatically recognized by applying
the Pan-Tompkins [29] algorithm to the longest artifact-free
segments and then considered for further analysis.

We performed SampEn estimations on artifact-free RR
interval series gathered from long term recordings from each
visit of each patient. Such segments lasted for no more than 5
hours. SampEn [14] refers to the calculation of the so-called
Approximate Entropy, which was defined for the calculation
on short and noisy time series [30].

The algorithm considers discrete time se-
ries u(1), u(2), ..., u(N) to define the vectors
x(1), x(2), ..., x(N −m+ 1) defined in Rm through
x(i) = [u(i), u(i+ 1), ..., u(i+m− 1)]. Then, the distance
between two vectors xi and xj is defined according to the
Takens formulation :

d[x(i), x(j)] = maxk=1,2,...,m|u(i+ k − 1)− u(j + k − 1)|
(1)

For each i, with 1 ≤ i ≤ N −m+ 1, we measured a
parameter Cm

i (r):

Cm
i (r) =

Number of j such that(d[x(i), x(j)] ≤ r)

N −m+ 1
(2)

and defined:

Cm(r) =

∑N−m+1
i=1 logCm

i (r)

N −m+ 1
(3)

This value measures the frequency at which the vectors of
length m, considered as neighbors, remain within a sphere
of radius r even if the dimension of pattern increases from
m to m+ 1.
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Fig. 2. Temporal trends of SampEn for HRV signals of bipolar subject:
BP1 (top-left), BP2 (top-right), BP3 (bottom left),BP4 (bottom right).
Dep=depressed; Euth=euthymic; Mix=mixed state.

SampEn is finally calculated by the expression [14].

SampEn(m,r) = − ln
Cm+1(r)

Cm(r)
(4)

In our study we used r = 0.20∗std and m = 2, where std
refers to the standard deviation of time series, as suggested
by previous studies [14].

III. EXPERIMENTAL RESULTS

We computed the SampEn complexity measure associated
to each visit/acquisition of each patient. SampEn values and
their graphical trends are shown in Table II and Fig. 2,
respectively.

TABLE II SAMPEN VALUES ASSOCIATED TO BP PATIENTS UNDER

STUDY

Patient Acq.1 Acq.2 Acq.3 Acq.4 Acq.5
BP1 1.31 1.36 1.51
BP2 1.14 1.15 1.22 1.46 1.35
BP3 0.81 0.88 0.99 1.27
BP4 1.24 1.42 1.71

Each patient shows an increasing trend of the SampEn
consistently with the improvement of the mood state, going
from severe depressed or mixed state (usually at the study
entry visit) to euthymic state, i.e. the remission. It is worth-
while that the trend of all the patients is always increasingly
although the first two or three (in BP2 case) acquisitions
exhibit the same clinical label. This behavior supports the
hypothesis that when the sample entropy is going to grow
over the acquisitions, then the patient is getting better in
terms of psychiatric symptoms, i.e. he is going towards
euthymia.

In order to investigate the differences in SampEn values
among all the patients, we further performed an inter-subject
statistical analysis aimed at discerning the three mood states
as euthymic, depressed, and mixed. Due to the low number
of samples belonging to each clinical state, such a statistical
evaluation was performed by means of the Kruskal-Wallis
non-parametric test without using the Chi-square approxi-
mation. As a results, a probability p < 0.05 was associated

Fig. 3. Box-plots of SampEn values for the three mood states (Mix=mixed
state; Dep=depressed; Euth=euthymic)

to the null hypothesis of non-equal median among the three
mood states. A further post-hoc analysis, performed through
the Mann-Whitney test, revealed significant differences be-
tween the euthymic and both the depressed and mixed state
(p < 0.05). Box plot statistics are shown in Fig. 3.

IV. DISCUSSION AND CONCLUSION

In this study, we investigated trends of neuro-autonomic
complexity gathered from four bipolar patients through Sam-
pEn values, estimated on long term HRV series. Patients
presented severe mood disorder episodes and underwent
pharmacological treatments until remission, i.e., until reach-
ing a good affective balance.

Through the PSYCHE system and the related long term
recordings of ANS signals, it was possible to extract and
analyze simple but effective complex measures such as the
SampEn.

We found a consistent increasing trend of SampEn on each
of the four patients during mood transitions from mixed-state
to euthymia passing through depression, or from depression
to euthymia. Therefore, it is possible to hypothesize that
the nonlinear dynamics of the complex ANS control on the
cardiovascular system is affected by the mood state of bipolar
patients. Although the number of patients involved in this
study is low, the experimental results are of strong interest
and they are in agreement with the current literature reporting
how higher complexity is often associated to healthier phys-
iological processes. As an example, it has been shown that
significantly lower SampEn values, computed on HRV series,
are associated to depressed states with respect to healthy
subjects [4]. As a matter of fact, in our study the mixed state,
which can be considered as the one of the most severe state
of BD, was associated to the lowest SampEn values when
compared to the depressed and euthymic states [23], [24],
[31]. Furthermore, the inter subject analysis suggested that
the euthymic state, when compared to the other pathological
mood states of BD, can be associated to a higher average
complexity level and to a limited inter-subject variability.

From a clinical perspective, if confirmed by a larger
number of patients, these findings would greatly improve the
treatment assessment in mental care as ineffective treatments
would be changed very quickly and profitably. Moreover, it
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would be possible to hypothesize that if a significant number
of acquisitions would be available on a given patient, then
simple prediction approaches based on linear or nonlinear
combinations of previous acquisitions could be implemented
in order to forecast the future states.

It is important to underline that forecasting the response
to psychiatric treatments is widely recognized to be one of
the major clinical problem. Even if appropriate drugs are
administered, a relatively large number of patients do not
respond and there are a few indicators, at the beginning of
the treatment that allow physicians to predict whether their
medical prescription will work or not. Thus, clinicians often
need to try and adjust their treatments if they realize that the
expected clinical response is not coming.

Our future studies will progress to increasing the number
of patients enrolled in order to confirm the reliability of
the proposed approach, which will be also further extended
within the frame of the PSYCHE project, including several
other available variables (e.g voice, activity index, sleep
pattern alteration, electrodermal response, biochemical mark-
ers).
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