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VALENZA et al.: POINT-PROCESS NONLINEAR MODELS 2921

Fig. 4. Comparison of Volterra kernels and quantitative tools between the rest
and tilt conditions. (Top) The linear Volterra kernel . (Middle-top) The linear
power spectrum. (Middle-bottom) The nonlinear Volterra kernel . (Bottom)
The bispectrum.

the best fit for all the considered subjects. Two representative
KS plots and Autocorrelation plots are illustrated in Fig. 2 for
both nonlinear models. For all the considered subjects, nearly all
of the KS plots and more than 97% of the autocorrelation sam-
ples were within the 95% confidence bounds. The respective
tracking result for the NARL model is shown in Fig. 3. More-
over, representative plots of the linear and nonlinear Volterra
kernels along with the corresponding spectrum and bispectrum
during the rest and tilt phases are shown in Fig. 4. As expected,
the linear kernel dynamics are faster during the rest phase
than during the tilt phase, as the dominant power distribution
switches from the HF to the LF band. The same considerations
can be drawn for the nonlinear kernel as its bi-dimensional
dynamics appear smoother during the tilt phase.
TheNARLmodel gives the best fit results also for 27 of the 30

subjects of the second experimental dataset. This is due to the
capability of the Laguerre coefficients to implicitly embed all
the previous information (i.e., long-term memory). In addition,
having less regressors improves the performance of the param-
eters identification. We further applied an established time-do-
main method [64] to the R-R time series in order to test the pres-
ence of nonlinearity in the heartbeat intervals. The outcomes
from the nonlinearity test further validate that the nonlinear
terms estimated by our goodness-of-fit procedures are not a re-
sult of an over-fitting identification. Specifically, data coming
from the tilt-table protocol is characterized by a relevant pres-
ence of non-linearity and non-stationarity in the RR time series
for all the considered subjects (see Table II). In the second ex-
perimental dataset, results confirmed previous finding [22] that

TABLE III
STANDARD AND INSTANTANEOUS MEASURES OF HRV: RESULTS

FROM THE TILT-TABLE EXPERIMENTAL DATASET

heartbeat dynamics of healthy subjects are more nonlinear with
respect to the CHF patients.

B. Performance Comparison
In order to demonstrate the improvement given by the point-

process NARL model, we evaluated the statistical differences
between the supine and upright epochs before and after the slow
transitions of the tilt-table protocol, as well as between healthy
and CHF subjects in the second protocol. The difference was
expressed in terms of p-values from a non-parametric rank-sum
test [82], under the null hypothesis that the medians of the two
sample groups are equal. Given the rank-sum statistics, we also
calculated the area under the Receiver Operating Characteristic
(ROC) curve [83], hereinafter area under the curve (AUC). Both
linear, AR and ARL, and nonlinear, NAR and NARL, models
were included in the comparison.
The results from the tilt-table dataset are shown in Table III.

We computed standard recommended time domain and mor-
phological features such as the root mean square of succes-
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nonlinear SVM-RFE algorithm. !is speci"c feature set, giving the best total average accuracy, which was 81.25%, 
is partially listed in Table#7 ordered by median rank over every fold computed during the LOO procedure.

Figure 3. Instantaneous heartbeat estimates computed from a representative subject, obtained through 
a point-process NARL model. Black lines and gray areas indicate median and MAD values among subjects. 
Vertical red lines mark the short-time window of caressing. From the top panel, the estimated mean, µRR(t), the 
RR standard deviation, !RR(t), the high frequency (HF), the low frequency (LF), the (LF/HF) ratio, and LL are 
reported.
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affective balance. A bipolar patient starts using the system while 
experiencing a depressive, manic or hypomanac, or mixed epi-
sode. Each patient is evaluated and monitored from the day of 
hospital admission toward remission, i.e., until reaching a euthy-
mic, or normal, state.

Once enrolled, the core monitoring platform of the PSYCHE 
system (smartphone and sensorized t-shirt) is given to the 
patient, who is asked to wear the sensorized t-shirt at all times, 
also during the night. Therefore, while collecting data during this 
unstructured activity, there is no need of particular experimental 
conditions, as the patient is free to perform nor-
mal activities. However, the patient is also asked, 
but left free to refuse, to fill out the digitized 
mood agenda, answer specific questionnaires, and 
perform some emotionally driven tasks such as 
describing emotional-content pictures (e.g., the 
Thematic Apperception Test) or readings. Data 
from such a structured activity also comprise sig-
nificant parameters and indices estimated from 
voice analysis. During the morning, the smart-
phone collects and sends all the physiological and 
behavioral data to the centralized server for fur-
ther evaluation. The clinician, according to DSM 
IV criteria, decides the frequency of the clinical visits and assigns 
a mood label (DP, HY, MS, and ES). The mood label assigned to 
each patient evaluation is assigned independent of previous labels.

As mentioned above, once the centralized server receives new 
data, a feature space is built and associated with the respective 
mood label. After the definition of the training set, i.e., the first 
few acquisition sessions in which the patient experiences different 
mood states, the PSYCHE system is able to effectively serve as a 
decision support system for diagnosing the next mood state diag-
nosis. For each new acquisition, in fact, trends of  significant physi-
ological and behavioral variables, collected over time, are shown in 

the Web-based professional interface along with the result of the 
current mood state indicator. Such a classification result is provided 
as the probability associated with each mood state.

The PSYCHE system is currently under clinical validation 
through the enrollment of 20 psychiatric patients followed for 
14 weeks. Preliminary results are very promising and encour-
aging for creating advanced technologies in treating mental 
disorders. Our studies also demonstrated that a single-variable 
approach, as usually proposed by previous studies, is not suf-
ficient to robustly characterize mood episodes. Instead, a mul-

tiparametric and personalized approach (i.e., 
mood episodes are identified as an intrasubject 
analysis with ad hoc wearable monitoring sys-
tems) is much more effective.

From a purely speculative point of view, tech-
nology in mental health could go beyond the 
rigid application of DSM IV labels, but introduces 
the new concept that the clinical diagnosis is 
looking backward. Better understanding of the 
patient’s mood status can be achieved consider-
ing the dynamics of the disorder rather than the 
single observation treated as completely indepen-
dent. For instance, patients with bipolar disorders 

present different clinical signs whether a depressive episode fol-
lows or precedes a manic status.

Studying mood swings over time demonstrates that changes in 
mental disorders have intrinsic dynamics that must be taken into 
account. This approach has been suggested also by clinical observa-
tions: it is widely accepted that clinical status differs over the course 
of bipolar illness. For instance, one can diagnose a depressive epi-
sode both in a patient that has just entered an episode and in one 
who is going to terminate the epsiode the next day. Although the 
rigid diagnostic criteria of the two episodes are equal, from a clini-
cal point of view, they are very different.
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FIGURE 1 The general architecture of the PSYCHE system. (Figure used with permission from [4].) 
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Hardware design

PCB 1

PCB 2

PCB: 1 2

Dimensions 38.7 x 24.6 x 0.8 mm 18.7 x 10.1 x 0.4 mm 

N°Layer (PCB) 4 2

Implemented Functions
(integrated sensors)

Body temperature
Movement analysis

Bioimpedance

Ambient Temperature & 
RH (x2)

UV

PCB design software Altium Altium

Position Horizontal Vertical

Connectors THT SMD

Power Supply 2.7 V e 1.8 V 2.7 V

Serial comunication
protocol I2C SPI UART I2C



MACRO-AREAS
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Testing
VEML6070 UV Sensor AS6200 Body Temperature Sensor

Flash 1 Flash 2LS123UV PowerMeter



Testing

MAX30001 Bioimpedance AFE

Thick film Resistance Human Skin



Testing
SHT35 Temperature and Humidity

Boiling water Human Skin
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