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Abstract—Our long-term goal is the development of an
automatic identifier of attentional states. In order to accom-
plish it, we should first be able to identify different states
based on physiological signals. So, the first aim of this pa-
per is to identify the most appropriate features to detect
a subject’s high performance state. For that, a database
of electrocardiographic (ECG) and photoplethysmographic
(PPG) signals is recorded in two unequivocally defined
states (rest and attention task) from up to 50 subjects as
a sample of the population. Time and frequency parameters
of heart/pulse rate variability have been computed from the
ECG/PPG signals, respectively. Additionally, the respiratory
rate has been estimated from both signals and also six mor-
phological parameters from PPG. In total, 26 features are
obtained for each subject. They provide information about
the autonomic nervous system and the physiological re-
sponse of the subject to an attention demand task. Results
show an increase of sympathetic activation when the sub-
jects perform the attention test. The amplitude and width of
the PPG pulse were more sensitive than the classical sym-
pathetic markers (P_r, and R ge) for identifying this atten-
tional state. State classification accuracy reaches a mean of
89 + 2%, a maximum of 93%, and a minimum of 85%, in the
100 classifications made by only selecting four parameters
extracted from the PPG signal (pulse amplitude, pulsewidth,
pulse downward slope, and mean puilse rate). These results
suggest that attentional states could be identified by PPG.
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I. INTRODUCTION

HERE are many professionals, as defence and security

personnel, pilots, air traffic controllers, etc, where a high
level of attention is necessary to develop their work in safety
conditions. This attention may be affected, among others, by
psychological stress and by states of sleep deprivation [1], [2].
It is also essentia for such personnel to maintain an adequate
divided attention, defined as the ability to respond to at least
two tasks at the same time [3]. The Brief Test of Attention
(BTA) is standardized for the measure of divided attention [4].
Divided attention isatype of simultaneous attention that allows
us to process different sources of information and successfully
execute morethan onetask at atime. The BTA isconceptualized
as an auditory perception task that requires divided attention.
The two simultaneous requirements of the BTA are simple,
with alow level of mental stress[4].

The fundamental hypothesisin which thiswork isbased con-
sistsin the fact that alterations in the Autonomic Nervous Sys-
tem (ANS) during the execution of an activity that requires the
subject sustained attention can be noninvasively quantified by
the recording of physiological signals. These aterationsin the
ANS can be studied by analysing the Heart Rate Variability
(HRV) from the electrocardiographic (ECG) signal or the Pulse
Rate Variability (PRV) from the photopl ethysmographic (PPG)
signal [5]. The ANS is composed by two branches, the sympa-
thetic nervous system and the parasympathetic or vagal nervous
system. HRV or PRV spectral analysis reveals two main com-
ponents. a high-frequency (HF) component, due to respiratory
sinus arrhythmia, and a low-frequency (LF) component, which
reflects both sympathetic and parasympathetic activity. Power
in the HF band has been used as a measure of parasympathetic
activity. Normalized power in the LF band and theratio between
power in LF and HF bands have been considered as a measure
of sympathovagal balance [6]. Another interesting signal to be
considered in ANS analysisisthe respiratory signal, which can
be extracted from the ECG or PPG signals[7]-{9]. Other works
found that the breathing pattern is altered during mental stress
and attentional tasks [10]{12]. Also, it has been shown that
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changes in the respiratory pattern ater the spectral content of
HRV and PRV [13] and consequently the interpretation of sym-
pathetic or vagal activations[11], [14].

Many studies support that HRV and PRV give similar in-
formation about the ANS response [15]-{19]. However, PPG
recording needs only one low-cost device widely used in the
clinical routine that can be located in several parts of the body,
while the recording of the ECG signal involves severa elec-
trodes all over the chest of the subject, so the PPG signd is
more adaptable to the limitationsimposed by the different tasks
that some professionals must perform.

To the best of our knowledge there are no previous works on
identifying attention demand states by means of morphological
parameters extracted from the pulse of PPG signal. Changes
in the morphology of the PPG signal have been used to de-
tect physical stress [20], the baroreflex response to changes in
posture or other forms of blood volume sequestration [21] or
even detect mild hypovolemia [22], [23]. Other authors have
studied the relationship between systemic vascular resistance
and the PPG waveform, specifically with the pulse amplitude,
width and slopes [24], finding a high correlation with the first
two. An increase in systemic vascular resistance is correlated
with an activation of the sympathetic system [25], so the PPG
waveform al so providesinformation about the ANS of subjects.
In thiswork, we studied the relationship among attention states
and parameters extracted from the PPG waveform, related to the
width, amplitude and slope of the pulse.

Knowing the capability of a person to maintain an adequate
level of attention at a precise moment is essential before tasks
execution where safety is involved. In order to successfully
perform this, pattern recognition has various methods of feature
selection and classification [26]. In this study, feature selection
is done through awrapping method, that is, a subset of features
is selected by considering the accuracy of the classifier. This
method allows usto include criteriathat avoid redundancy when
selecting features. Thisconditionisessential giventhat HRV and
PRV time and frequency features are highly correlated [15]—
[19]. Including these criteria reduces the number of features
that maximize the accuracy of the classifier.

An ensemble learning method is used in this paper. This
method facilitates using a set of classifiers so we can obtain
greater accuracy compared to using each classifier individually.
There are many studies showing improvements in the classifi-
cation of these methods [27]—{30]. There are several techniques
that can be used to build these classifier subsets: bootstrap aggre-
gating (bagging), boosting, random subspace and stacking [31].
Among these techniques, bagging obtains the best results when
the features of the sample population introduce noise into the
classification [32]. In small samples, the classifiers built may
be biased and show a large variance in the probability of mis-
classification. Bagging reduces this error and is usually applied
to decision tree methods. Thus, the ensemble learning method
selected for the identification of attention demand states in this
work is: bagging decision tree method.

The main goal of this study is the automatic identification
of aresting state versus an attention demand state. To that end,
an anaysis of HRV and PRV parameters, together with the

respiratory rate extracted from ECG and PPG, and six features
extracted from the PPG waveform is done. The use of the PPG
waveform parameters to differentiate attentional states is the
main innovation of thiswork.

II. MATERIALS

The generated database includes recordings of 50 subjects
(all males). Their mean age is 31 + 7 years (mean + std) and
they are mainly military personnel (49 out of 50; 98% of total
population).

The ECG and PPG signals are recorded in two unequivo-
cally defined states: rest and attention task. Details of the two
registered periods were described below:

e Basdline (BL): Subjects remain 5 minutes seated, without
performing any task. First 30 secondsfromthebaselineare
discarded. Next 4 minutes are processed, in two segments
of two minutes (B L, correspondsto thefirst two minutes;
B L, corresponds to the last two minutes). In this study,
each parameter extracted from the ECG and PPG signals
isnormalized by the reference state BL .

e Attention test (BTA): During the attention demand state,
subjects perform the BTA which is divided in two parts.
In the first one, subjectslisten to arecording with 10 lists
of letters and numbers with a variable length between 4
and 18 elements, and write how many numbers each list
contains, ignoring letters. In the second part, subjectslis-
ten to the 10 lists again, but this time they must count
letters, ignoring numbers. Two segments of two minutes
length of the BTA segment while subjects count numbers
(BT Ay), or letters (BT A,), are processed. These seg-
ments are located just 30 seconds after every part of the
BTA started.

The recordings were done using the device Nautilus devel-
oped by the University of Kaunas, Lithuania [33]. This device
allows to record the ECG signal with three leads at a sampling
frequency (fs) of 2000 Hz; and the PPG signal (fs = 1000 Hz)
in the finger with two possible wavelengths: red and infra-red.
The PPG sensor islocated in middle finger of the non-dominant
hand. Nautilus device also alows recording the ambient tem-
perature (fs = 50 Hz).

[ll. METHODS
A. Time Parameters of HRV and PRV Signals

ECG is first down-sampled to 1000 Hz to obtain the same
sampling frequency as the PPG signal. A low-pass FIR filter is
then applied to both signalsto estimate the baseline interference
and to remove it from the signal (cut-off frequency of 0.03 Hz
and 0.07 Hz for the ECG and PPG signals, respectively) [34].
Another low-pass FIR filter, with cut-off frequency of 35 Hz,
is applied over the PPG signal to remove the high frequency
noise [8].

Heart beats are detected from the frontal bipolar second
lead of the recorded ECG signa using an algorithm based on
wavelets [35]. Ectopic beats, missed and false detections are
identified and corrected [36]. As a result, QRS complex are
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Fig. 1. Pulse waves of the PPG signal (measure in arbitrary units,
a.u.) with their most representative points highlighted: the apex (n4), the
basal (ngj) and the medium (n);) points. Distance between two adjacent
medium points is the pulse to pulse interval or P Pi, used to compute the
time series, and distance between the apex and the basal points (4;_1)
is the amplitude used to compute the PAV.

located in the ECG and the difference between consecutive R
waves conforms the RR time series.

From both wavelength (red and infra-red) of the PPG signal
(xppc(n)), artefactua pulseswere suppressed by using the arte-
fact detector described in [37]. Then, the apex (na;), the basal
(ngi) and the medium (nm;) points of the i-rh PPG pulse were
automatically detected using an algorithm based on a low-pass
differentiator filter [38]. Fig. 1 shows a PPG signa where its
more representative points are highlighted. The medium points
are considered the fiducial points in PPG because of their ro-
bustness [39], so they are selected to compute the pulse to pulse
(PP) time series as the difference between consecutive ny; .

Five time parameters were computed, from the beat to
beat/pulse to pulse time series, as the mean of the two min-
utes selected for each state (BL, BL, BT A; and BT A,):

e HR/PR: heart/pulse rate (measure units: s~!);

e SDNN*: standard deviation of al normal-to-normal
(NN) intervals (measure units. ms);

e SDSD*: standard deviation of differences between adja-
cent NN intervals (measure units: ms);

e RMSSD*: square root of the mean of the squares of
the successive differences between adjacent NN (measure
units: ms);

e pNN50%: number of pairs of successive NN that differ
by more than 50 ms, divided by the total number of NN.
(measure units: %);

where X € [H, P] denotes the origina signal, ECG or PPG,
respectively.

B. Frequency Parameters of HRV and PRV Signals

HRV and PRV frequency analysisare similar: with the beat to
beat/pulse to pulse time series, using an agorithm based on the
integral pulse frequency modulation model [40], instantaneous
heart/pulse rate signal (dxr(t)) sampled at 4 Hz is obtained by:

dxr(t) = 1};’);;(” @

where s () represents the modulating signal which carriesthe
information from ANSand T (¢) isthe mean heart/pul se period,
which is considered to be slow-time-variant by this model.
Then, atime-varying mean HR or PR, (dxrm(t)), is obtained
by low-passfiltering dxr(t), with acut off frequency of 0.03Hz:

1

d t) = —— 2
XRM( ) TX (t) ( )

Later on, HRV and PRV signals (dxry (t)) are obtained as:
dxrv (t) = dxr(t) — dxrm(?) 3)
Finally, snx () is obtained by correcting dxry (t) by dxrm (2):

dxrv (%)

myx (1) = 4
X( ) dXRM (t) ( )

Time-frequency analysis is applied to ax (¢) to character-
ize the rapid response of ANS to BTA. The smoothed pseudo
Wigner-Ville distribution (SPWVD) is used because it provides
better resolution than non-parametric linear methods, indepen-
dent control of time and frequency filtering, and power is esti-
mated with lower variance than parametric methods when rapid
changesoccur. The SPWVD of thesignal z(t) isdefined as[41]:

oo

S.(t, f) = O(1,v) A, (1,v)e? ™ Ddydr — (5)

—00
o0

Ay (T,v) = P R

—j2vmt
- 5 5 € dt (6)

where A, (, v) isthe narrow band symmetric ambiguity func-
tion (AF) of theanalytic signal =(t) = amx (t) + jox (t), where
oy (t) representsthe Hilbert transform of onx (¢). The AF quan-
tifies the time-frequency auto-correlation of z(t) in the delay-
doppler frequency domain (7,r) and can be seen as the 2D
Fourier transform of the Wigner-Ville distribution.

Thekernel ®(r, v) was defined as:

O(1,v) = exp

- 2o+ ™

The iso-contours of (7, v) are ellipses whose eccentricity de-
pends on parameters vy and 7y [42], [43]. Parameters v, and
7o are used to change the length of the ellipses axes aligned
along v (i.e. thedegree of timefiltering) and 7 (i.e. the degree of
frequency filtering), respectively. The parameter A = 0.25 sets
theroll off of thefilter. The parameters 1, and =, were selected
to have atime resolution of 15 s and a frequency resolution of
0.0313 Hz. The time and frequency resolutions were estimated
asthefull width at half maximum of the SPWVD of apure sinus
and of atemporal impulse, respectively.

For each subject, the temporal evolution of the power content
of HRV and PRV within each frequency band, PX was obtained
integrating S, (¢, f) in the frequency bands B € {LF, HF}.

Finally, four frequency parameters are defined as the mean of
the two minutes selected for each state (BL,, BL,, BT A; and
BTAy):

e PX.: power inthe LF band (0.04-0.15 Hz; measure units:
au.);
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respiratory sinus arrhythmia, which is synchronous with res- T
piration, so the relationship between respiratory rate and the ime (s)
parasympathetic system must be present in the analysis. There- Fig. 2. Example of the PRV, PAV and PWV of a subject of study

fore, those subjects with a respiratory rate lower than 0.15 Hz
(upper limit of the LF band) or higher than 0.4 Hz (upper limit of
the HF band) are discarded to avoid possible misinterpretations
in ANS results[11].

Respiratory information can be extracted from ECG or PPG.
The first step is to obtain al the derived respiration signals for
the ECG (EDR) and the PPG (PDR). Secondly, an agorithm
for combining the information of all EDR or al PDR signalsis
applied in order to estimate arespiratory rate for ECG and PPG
respectively.

The method for estimating respiratory rate from the ECG
signal presented in [44] is used. It exploits respiration-induced
morphology variations in the ECG signal based on 3 EDR sig-
nals. upwards to the R-wave slope, downwards to the R-wave
slope, and R-wave angle [45]. The method assigns to each beat
occurrence the value of its associate QRS slope or R-wave an-
gle. These signals are unevenly sampled, so it is necessary to
resample at 4 Hz for standardising them. Finally a mad-based-
outlier rejection and aband-passfilter (0.075-1 Hz) are applied.
In this study, three leads are registered and three EDR signals
are estimated for each lead, so 9 final EDR signals conform the
ensembl e to extract respiratory information.

When respiratory information is extracted from the PPG sig-
nal, the algorithm explained in [8] is applied to the database.
In this case the PDR are the PRV, described in Section 111-B,
the Pulse Amplitude Variability (PAV) and the Pulse Width
Variability (PWV). An example of these three PDR signalsis
shownin Fig. 2.

P AV isestimated based on the following equation, using the
apex and basal points (n4; and np;) described in Section I11-A:

PAV(n) =
To estimate PWV, firstly start (np;) and end (ng;) points of
every pulse in the PPG signal (Fig. 3) have to be identified as
in[8]. Then, PWV isdefined as:
1
PWV(n) = T(nEl —n0p;i)0(n —na;), 9

where f, isthe sampling rate of the PPG signal.

[@wppa(nai) —xppa(npi)]d(n —na;) (8)

where the modulation performed by the breathing can be observed.
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Fig. 3. Location of the start np;, the end ny; and the apex n 4; point,
used to calculate the morphological parameters of the PPG signal. Dis-
tance between n 4; and np; points, in vertical axe, is the amplitude (A4,,)
and, in horizontal axe, is the width (17/,,), both are used to calculate the
PS, . Distance between n4; and np; points, in vertical axe, is the am-
plitude (A;) and, in horizontal axe, is the width (W), both are used to
calculate PS,. Distance between the start and the end points (1) is the
width used to compute the PV .

PAV and PWV signals are unevenly sampled so it is nec-
essary to resample at 4 Hz for standardising them.

The agorithm used to estimate respiratory rate (FX) from the
PPG and the ECG signals is the same, only a minor modifica-
tion in a parameter for the respiratory rate estimation from the
PPG signal is necessary due to the low frequency components
not related to respiration that appear, changing the peakness
conditionsand limitsasin [7].

Finaly, with these two algorithms, a respiratory rate estima-
tionfrom ECG and PPG isobtained, that allow usto characterise
respiratory information in every state.

D. Morphological Parameters of PPG Signal

The PPG waveform iscommonly divided into two phases: the
anacrotic phaseisthe upward segment of the pulses, whereasthe
catacrotic phaseisthe downward segment of the pulses. Thefirst
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phaseis primarily concerned with systole, and the second phase
with diastole and wave reflections from the periphery [46].

Other authors have studied the relationship between different
morphological parameters of the PPG signal with the physiol-
ogy of subjects[24], [25], [46]. Among the parameters studied,
the amplitude and width of the PPG pulses showed a strong
correlation with the activation of the sympathetic system [24],
[46], athough a not so strong relationship was found with the
pulse slopes [24].

In thiswork, six morphological parameters of the PPG signal
are considered. The first two are the amplitude (P A) and the
width (PW) of the PPG signal, that are estimated based on
the following equations, which are similar to the equation in
Section I11-C:

PA(i) = xppg(nai) — zppc(np;) (10

PW(Z) = f,i(nE7 — nOi)
The next two parameters are two segments of the PPG wave
width. The first segment corresponds to the anacrotic phase of
the pulses (PW,) and the second one to the catacrotic phase
(PWy). The maximum amplitude of the pulse n4; is the point
of separation between them. The parameters are estimated as:
1

PW, (i) = E(nm —n0;)

PW(i) = fiom, — i)

The last two morphological parameters are defined as the

upward and downward slopes of each PPG pulse, smplified as

the Pulse Slope (PS). These two parameters are calculated as

the ratio between the amplitude and the width of each upward
and downward segment, as:

(11)

(12)

(13)

. xr Npg;) — & noi
P, (i) = g, 2ereltad trrelio)

(14)

zppa(nai) —zppa(nEi)

PSy(i) = f (15)

NE; —MNA;

An outlier identification is carried out on al morphological
parameters based on [ 7], where every sample outside the range
[median + G - std] of the N, previousdataisremoved. Inthis
study G = 5 and N, = 50.

In summary, based on the significant points of each PPG pulse
(Fig. 3), the following morphological parameters are defined as
the mean of the two minutes selected for each state (BL,, BLo,
BT A, and BTAQ)

e PW. Mean width of the pulses (measure units: s);

e PA. Mean amplitude of the pulses (measure units: a.u.);

e PW,. Mean width of the anacrotic phase of the pulses
(measure units: s);

e PW,. Mean width of the catacrotic phase of the pulses
(measure units: s);

e PS,. Mean upward slope of the PPG pulses, calculated
asthe ratio between amplitude and width of that segment
(measure units: a.u.);

e PS,;.Meandownward slopeof the PPG pulses, cal cul ated
astheratio between amplitude and width of that segment
(measure units: a.u.).

E. Statistical Analysis

A statistical analysis of the 26 parameters obtained from the
ECG and the PPG signalswas implemented in order to identify
both states (rest and attention task). Firstly, an outlier identifi-
cation for each subject was performed, for this, the following
interquartile limits are defined:

Ty =Q: Yira, — Vb, —3 1QR Viry, ygL.( |
16

Th =Q2 Vipra, — Vb, +3-1QR YVira — Vir,
17
The parameters that exceed any of these limits are identified
and eliminated of the entire study:
Vi, =null
If Vi, — V5, <Tyor
ygTAl - y}éLl > Tj}}l

Vhra, =null
yng = null

yng = null

(18)

In these equations, ) is the mean of each one of the 26 param-
etersin each segment (BT A, BT Ay, BL, and BL,) for each
subject, and k = 1...N}, where N}, isthe number of subjects.

Secondly, every parameter is normalized to the sum of the
reference state (B L4):

RN P
where S canbe BT A,, BT A, or BL,.

Parameters have been normalized to minimize the effects of
the intersubject variance.

Finally, the Shapiro-Wilk test is applied to distinguish
whether the parameters have a normal distribution. When the
normal distribution of one parameter is verified, the t-Student
testisapplied. In other case, the Wilcoxon paired test is applied.
A p-value<a defines significance, where the significance level
« canbe0.05, 0.01 or 0.001. Thesetests are applied to each one
of the 26 normalized parameters extracted from the ECG and
PPG signals recorded during the BTA and resting state.

(19)

F. Feature Selection and Classification

Bagging or bootstrap aggregating is a method that generates
multiple versions of a predictor and combines them to get a
better one [31]. The method consists of the following steps:

HIf Z=(2",2%...,2") isthe training set, a random
extraction with replacement is performed, generating NV,
subsets: Z, = (Z},Z7,...,Z]') with b = 1...N,. Each

subset has the same number of elements as the original

Set.

2) A smpleindividual C), classifier isbuilt with each subset

Zy.
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g
P} = {F, .., F}} P}: Mean accuracy
Selection ;= {F], .., F3} P3: Mean accuracy
F' = {F}, .., F}
{F 16} P ={F},.., F}} P&: Mean accuracy
P} = {F}, .., F}} Classification P}: Mean accuracy
Data : . :
26 features : : Bagging
T PO = {F°, .. F}0y | L Pi%: Mean accuracy
Featur Selection Pi0 = {Fllo, ...,Fslo} l P20: Mean accuracy
ed l{’e FIO - {F10 F10 +
selection 16 PO = {F1°, ..., F}%} P&%: Mean accuracy
Bagglng P} = (F{°, .., F}°} P#%: Mean accuracy

Fig. 4.

Selection of features and classification method implemented in this work. The initial data are the normalized values of the states BT A,

(R(YB74,))and BLy (R(VB1,))- P]‘ are subsets of the F, which include only the first j features of the F’ selection.

3) The (), classifiersare combined by selecting the magjority
classin thefinal decision rule.

In this study, we resample to entire data set, NV, = 30 and
Z* = R(YE) (where z = 1...n). A decision tree is selected as
simple individua classifier (C}) in the bagging method. Since
bagging ensembl e reduces the variance and increases the clas-
sification accuracy in classifiers such as decision trees and arti-
ficial neural networks [47], [48].

The ensemble classifier obtained with each training set has
been validated using leave-one-out cross-validation. That is,
one of the subjects, &, has not been included in the training
set, in any of the two states (neither rest or attention task).
The classifier is validated with these two states of the subject
based on their features (R(yls““‘) where possible values for S
are BT'A;, BT A, and BL,). The whole process is repeated
for kyu = 1...Ni. In this case, the size of the training set (n)
in the bagging method is 2 - (N, — 1). In this equation, —1 is
because one subject isused intheleave-one-out cross-validation
and we multiply by 2 because there are two states for each
subject.

A wrapping method based on bagging has been used as a
feature selector. This feature selection method consists of the
following steps:

1) A classifier istrained and validated with each of the fea-
tures using the leave-one-out method.

2) The feature of the classifier with the greatest accuracy
is selected (F = {F} }, where F is the set of selected
features).

3) A classifier istrained and validated with two features, the
onepreviously selected, in addition to each of theremain-
ing features. The features with redundant information are
not considered in this step.

4) The two features of the classifier with the greatest accu-
racy are selected (F' = {F}, 5 }).

5) Steps 3 and 4 are repeated, sequentially increasing the
number of features (F' = {Fi, Fy,...Fy}, where f is
the maximum number of features that can be selected).

An exclusion criterion for features with redundant informa-
tion isincluded in this feature selection process. Other studies
have shown that HRV and PRV time and frequency features are
highly correlated [15]-{19]. Pearsons correlation coefficient is
used to corroborate the correlation when both variables have a
normal distribution. In other case, the Spearmans coefficient is
applied. Consequently, of the features with a high correlation
coefficient, only the first one selected will be included in set F.
Similarly, only thefirst respiratory rate selected, estimated from
the PPG signal or the ECG signal, will be considered. Whenim-
posing these two restrictions, the maximum number of features
for the classifier will be 16 (f equd to 16).

The smallest subset with greatest accuracy is selected from
these 16 features. Once the most significant features have been
selected, the final classifier is trained and validated. Since the
results obtained depend on arandom subsets generation training
process (7;), thislast step has been repeated 100 timesto obtain
more reliable accuracy of the final classifier.

A block diagram of this methodology can be seen in Fig. 4.

IV. RESULTS

The population sample used in this study comprises 50 sub-
jects whose ECG and PPG signals are recorded in two states:
rest and attention task. Twenty-six parametersare extracted from
these signals, 10 from the ECG signal and 16 from the PPG sig-
nal. For each of these parameters, the suitability of including
each subject is evaluated using two criteria. The first of these
criteriais applied to the HRV and PRV frequency parameters.
The respiratory rates of nine subjects are lower than 0.15 Hz or
greater than 0.4 Hz, which may result in an overestimation of
the power in the LF band or an underestimation of the power in
the HF band, respectively. Therefore, the frequency parameters
of these 9 subjects, extracted from the ECG and PPG signals,
are removed from the study. The second criterion is associated
with the identification of outliers. For each parameter, the sub-
jects outside the interval [T7, T%;], defined in subSection I11-E,
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significant decrease in PA and PS,,, during the first part of
the BTA. The reduction of the PA can be attributable either
to aloss of central blood pressure or to constriction of the ar-
terioles perfusing the skin. An arterial blood pressure increase
due to increased periphera resistance, as well as a peripheral
vasoconstriction, dueto an activation of the sympathetic system,
could be the respective factors responsible for this reduction in
amplitude [46].

During the second part of the BTA (BT A,), changesin Py,
PAand PS, ceaseto be significant, and the remaining param-
eters stay the same. We al so observe that the p value of PTV and
PW, parameters, during the BTA 1 segment, islower than 0.001,
significance level that is not reached during the BTA2 segment.
These differences seem to indicate a decrease in the activation
of the sympathetic nervous system during the second part of the
test, which may be dueto alearning curve while carrying out the
BTA, or to the fact that counting letters is cognitively simpler
for the subjects. The results obtained by the subjects, in each
of the BTA parts, supports this observation since the number of
correct answers is significantly higher when the subjects count
letters.

Other workshave suggested that the pul sewidth, at half height
of the beat, correlates with the systemic vascul ar resi stance bet-
ter than the amplitude [24]. Our results have also obtained a
statistical significance in the PW, corroborating their greater
sensitivity to changesin systemic vascul ar resistance. Addition-
ally, our results show PW and P A present a higher sensitivity
than classical features P, g, and R mye for identifying low sym-
pathetic nervous system activation.

Theresultsobtained from the sel ection of featurescorroborate
the fact of the great sensitivity of the P for identifying alow
sympathetic nervous system activation. The PPG signal widthis
the first parameter selected in the 10 classification cases shown
in Table IV. Fig. 7(a). shows that with this unique feature the
classification results approximates 70% of accuracy in these 10
cases. When one more feature is included, the classification ac-
curacy exceeds 80% in al cases. Additionally, the results show
that in five casesthefeatures selected in third and fourth position
are P_gn and R gHr, both extracted from the PPG signal. How-
ever, the accuracy obtained with the time-frequency features of
the PPG signal are very poor if the morphological features of
this signal are not included, as can be seen in Fig. 7(c). There
are some evidences that the mechanisms of regulation of heart
rate and periphera blood flow are not identical as they could
be generated in different central neural structures [54]. These
differences could explain the added value of using PPG mor-
phological features for identifying attention statesin addition to
PRV features.

Similar accuracy is obtained in all cases with four features,
but in case 4 these four features are only extracted from the PPG
signa: PW, PR, PS,; and PA. Except for PS,, these features
have already been associated with an activation of subjects
sympathetic nervous system by other authors [11], [24], [46].
Table 1V shows that the third selected feature, in three of the
ten cases, isthe downward slope of the PPG pulses (P.S,). This
parameter did not show significant differences between the two

studied states; however, it seemsto contain relevant information
that can assist in automatically identifying the subject’s state.
These four features accurately identified a different state from
atraining state. When using the test population R (Y57 4,) and
R(Yp1,), &ccuracy ismaintained at 85 + 1% (mean + std).

The classification results (Table 1V) show that PPG signal
morphological parameters are extremely sensitive for the auto-
matic identification of the two studied states: rest and attention
task. The significance of PPG signal morphology isfor theiden-
tification of the subject’s state can be clearly seen when, upon
applying the same classification algorithm with only features
extracted from the ECG or PPG signal s, without morphol ogical
ones, the accuracy only reaches 85% in the best case (Fig. 7(b)
and Fig. 7(c)). For this reason and based on the results of this
study, we can conclude that the PPG signal can differentiate
between resting and attention demand states.

VI. CONCLUSION

This study has shown that when subjects carry out a brief
attention test they experience a slight activation in their sympa-
thetic nervous system and a lowering of their parasympathetic
nervous system (Pyr of the PRV. significantly decreases). These
results show that PPG pulsewidth and amplitude (PW and P A)
are more sensitive than the classic parameters, P, g, and R pF,
when detecting the activation of the sympathetic nervous system
inmild states of mental stress. They have also shown that param-
eters extracted from the PPG signal can better identify subjects
resting or attention demand states than parameters extracted
from the ECG signal. With only four parameters extracted from
the PPG signal (PW, PR, PS; and PA) a mean accuracy of
89% in classification is obtained.
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