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METHOD AND DEVICE FOR DETECTING
STRESS USING BEAT-TO-BEAT ECG
FEATURES

TECHNICAL FIELD

[0001] The present disclosure relates to a device for
detecting stress and a method to calculate an indicator
indicative of stress using beat-to-beat ECG features.

BACKGROUND

[0002] Recent years have seen a surge in the popularity
and convenience of devices that collect physiological data.
This has led to numerous efforts to use this data for a wide
breadth of pertinent classification tasks such as the detection
of cardiac arrhythmia, stress, sleep stages, drug use, and
emotion [2]. Success in these classification tasks would have
enormously broad and beneficial applications in many areas
of public health including: preventing car accidents, increas-
ing worker efliciency, mitigating health problems, monitor-
ing drug use more effectively and improving Human-Com-
puter Interaction [2].

[0003] Firefighting is one of the careers upon which stress
has the largest negative impact. Firefighters are consistently
exposed to stressful and fatiguing situations, giving them a
higher risk of coronary diseases which account for a large
percentage of deaths among these professionals.

[0004] Air Traffic Control (ATC) is also a very complex
process [20]. It depends to a large degree on human abilities
and it encompasses high levels of responsibility not only
with regard to risking lives but also for the high economical
costs of aeronautical activities. Much of the Air Traffic
Controllers (ATCs) work complexity is characterized by
unplanned tasks that require constantly re-plans in response
to weather, traffic management initiatives, airport construc-
tion, maintenance activities, and other events [20].

[0005] The above reasons make both FFs and ATCs prime
candidates for stress sensing experiments. In this way,
simultaneously analyzing subject’s perceived stress levels
and physiological signals such as electrocardiogram (ECG)
in both populations and other first responders, is the first step
towards a general stress sensing solution, applicable to all
contexts [2,4]. Since acute stress events induce physiologi-
cal responses by our cardiovascular and neuroendocrine
systems, BECG-derived features both in time and frequency
domains have been widely used for stress monitoring and
are highly correlated with subject’s stress and arousal state
changes [4]. Indeed, numerous authors have been exploring
the use of ECG features in a human affect context. Most of
these groups focus primarily on affect detection using Win-
dow-derived Heart Rate Variability (W-HRV) features [7].
However, this latter method has drawbacks. While the use of
a window allows for a wide range of features to be used,
including spectral features, these windows are usually 80 to
300 seconds which deteriorates the temporal resolution and
increases the computational complexity of the detector in
which such windows are used.

[0006] Methods for detecting stress should be evaluated
not only accuracy, but also time resolution and computa-
tional rapidity of each method. Such metrics could be of
high importance, since stressful events have been linked to
abnormalities in cardiovascular functions (e.g. arrhythmias,
cardiomyopathy, etc) in healthy and non-healthy persons,
making prompt stress detection very desirable.
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[0007] These facts are disclosed in order to illustrate the
technical problem addressed by the present disclosure.

GENERAL DESCRIPTION

[0008] In stress sensing, Window-derived Heart Rate Vari-
ability (W-HRV) methods are by far the most heavily used
feature extraction methods. However, these W-HRV meth-
ods come with a variety of tradeoffs that motivate the
development of alternative methods in stress sensing. We
compare the presently disclosed method of using heart heat
morphology (HBM) features for stress sensing to the tradi-
tional W-HRV method for feature extraction. In order to
adequately evaluate these methods we conducted a Trier
Social Stress Test (TSST) to elicit stress in a group of 13
firefighters and 11 Air Trafic Controllers (ATCs) while
recording their ECG, actigraphy, and psychological self-
assessment measures. We utilize the data from this experi-
ment to analyze both feature extraction methods in terms of
computational complexity, detection resolution perfor-
mance, and event localization performance for each type of
population separately (FFs and ATCs). Our results show that
each method has an ideal niche for its use in stress sensing.
W-HRV shows higher performance in stress event identifi-
cation (7% higher in accuracy, 17% in precision and 22% in
F1 score) but needs much more time to detect its presence
than HBM (95% more—16 sec vs. 0.79 sec). Thus the
presently disclosed method, HBM, tends to be more effec-
tive in an online “fast” stress detection context where
W-HRV shows to be more suitable for offline post process-
ing scenarios. These results were reproducible on both
occupational groups. Furthermore, the presently disclosed
method, HBM, requires much less computational power
than W-HRV.

[0009] The disclosure includes a method for calculating an
indicator indicative of stress.

[0010] Itis disclosed a method for on-line determining of
an indication of stress using individual heart beat ECG
features of data acquired from an individual subject, com-
prising:

[0011] obtaining a data sample of each heart beat indi-
vidually from the acquired data;

[0012] calculating a set of fiducial heart beat features
from each said data sample of an individual heart beat;

[0013] classifying each data sample as indicative of
stressed or not-stressed, using a pretrained classifier
which was previously trained using the same fiducial
heart beat features from previously acquired reference
data samples each from individual heart beats of said
individual subject;

[0014] determining an indication of stress as detected
when at least one data sample is classified as indicative
of stressed,

[0015] wherein the fiducial heart beat features comprise
RT and QTinterval.

[0016] In an embodiment, the fiducial heart beat features
farther comprise ST, QR, STc and RR.

[0017] In an embodiment, the fiducial heart beat features
further comprise QRS and STinterval, in particular further
comprising QTc.

[0018] It is also disclosed a method for on-line determin-
ing of an indicator of stress using individual heart beat ECG
features of data acquired from a subject, comprising:

[0019] obtaining a data sample of each heart beat indi-
vidually from the acquired data;
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[0020] calculating the fiducial features RR, QR, RT,
STinterval, STe, QTinterval, QTc, ST and QRS from
each said data sample;

[0021] classifying each data sample as indicative of
stressed or not-stressed, using a pretrained classifier
which was previously trained using the fiducial heart
beat features RR, QR, RT, STinterval, STc, QTinterval,
QTec, ST and QRS from previously acquired reference
data samples from individual heart beats,

[0022] determining the indicator of stress as detected
when at least one data sample is classified as indicative
of stressed.

[0023] In an embodiment, the used fiducial features con-
sist of the fiducial features: RR, QR, RT, STc, QTinterval,
ST, and optionally QRS and STinterval.

[0024] In an embodiment, the indication of stress is deter-
mined as detected when one data sample is classified as
indicative of stressed over a time duration of

[0025] only one heart beat and the RR distance between
said one heart beat and the previous heart beat.

[0026] In an embodiment, the indication of stress is deter-
mined as detected when 1-50, 1-20, 1-10, 1-5, 1-2, or just 1
data samples are classified as indicative of stressed.

[0027] Inan embodiment, the indication of stress is deter-
mined as detected when a majority of data samples are
classified as indicative of stressed over a predetermined
duration of the acquired data.

[0028] In an embodiment, the indication of stress is deter-
mined as detected when a predetermined number of con-
secutive heart beats are classified as stressed, in particular
50, 20, 10, 5 or 2 consecutive heart beats are classified as
stressed.

[0029] In an embodiment, the pretrained classifier is a
Linear Support Vector Machine (SVM), a Kernel Support
Vector Machine (K-SVM), a K-Nearest Neighbor (K-NN),
or a Random Forest classifier.

[0030] In an embodiment, the pretrained classifier is a
Random Forest Classifier.

[0031] In an embodiment, the determining of the indica-
tion of stress comprises detecting the indication of stress
under a predetermined time interval after a heart beat
classified as indicative of stress.

[0032] The disclosure includes calculating said indicator
indicative of stress for operational purposes, in particular for
fire-fighting and air traffic controlling operational purposes.
[0033] It is also disclosed a non-transitory storage media
including program instructions for implementing a method
for on-line detecting stress using individual heart beat ECG
features of data acquired from a subject, the program
instructions including instructions executable by an elec-
tronic data processor to carry out any of the disclosed
methods.

[0034] Tt is also disclosed a device for on-line detecting
stress using individual heart beat ECG features of data
acquired from an individual subject, comprising a data
processor and data storage media configured for:

[0035] obtaining a data sample of each heart beat indi-
vidually from the acquired data;

[0036] calculating a set of fiducial heart beat features
from each said data sample of an individual heart beat;

[0037] classifying each heart beat data sample as
stressed or not-stressed, using a pretrained classifier
which was previously trained using the same fiducial
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features from previously acquired reference data
samples each from individual heart beats of said indi-
vidual subject;

[0038] determining stress as detected when at least one
data sample is classified as stressed,

[0039] wherein the fiducial heart beat features comprise
RT and QTinterval.

[0040] It is also disclosed a device for on-line detecting
stress using individual heart beat ECG features of data
acquired from a subject, comprising a data processor and
data storage media configured for:

[0041] obtaining a data sample of each heart beat indi-
vidually from the acquired data;

[0042] calculating the fiducial features RR, QR, RT,
STinterval, STe, QTinterval, QTc, ST and QRS from
each said data sample;

[0043] classifying each heart beat data sample as
stressed or not-stressed, using a pretrained classifier
which was previously trained using the fiducial features
RR, QR, RT, ST, STe, QTc, ST and QRS from previ-
ously acquired reference data samples from individual
heart beats,

[0044] determining stress as detected when at least one
data sample is classified as stressed.

[0045] In an embodiment, the detecting of stress com-
prises detecting stress under a predetermined time interval
between a heart beat classified as stressed and the beginning
of a stress interval of said subject.

[0046] Inanembodiment, the device is a wearable device.

BRIEF DESCRIPTION OF THE DRAWINGS

[0047] The following figures provide preferred embodi-
ments for illustrating the description and should not be seen
as limiting the scope of invention.

[0048] FIG. 1: Schematic representation of a diagram of
an embodiment of the method. VAS—Visual Analogue
Scales. TSST—Trier Social Stress Test, wherein 1 repre-
sents a start/end event, 2 represents an intermediate event, 3
represents visual scale, 4 represents self-reports.

[0049] FIG. 2: Schematic representation of a portion of
BCG from FF 2, with fiducial points Q, R, S and T; and
points that contributed for extracting QT and ST intervals
marked.

[0050] FIG. 3: Schematic representation of a sketch of a
heartbeat waveform illustrating six of the nine temporal
intervals used in the classification task: QR segment; RT
segment; ST interval; QT interval; ST segment and QRS
segment.

[0051] FIG. 4: Schematic representation of a summary of
an embodiment of the classification method.

[0052] FIG. 5: Schematic representation of a summary of
an embodiment of the classification method used as a
detection protocol.

DETAILED DESCRIPTION

[0053] The following pertains to methods of the disclo-
sure, in particular to a description of a sample population
dataset used in the present disclosure.

[0054] A dataset obtained from a population sample of 13
FFs and 11 ATCs with a high age variability (FFs: 3 female;
age: 3111 years; ATCs: 3 female; age: 47+6 years) was
used in a study for demonstrating the advantages of the
present disclosure. Data records from subjects with a history
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of cardiovascular disease and/or prescription cardiovascu-
lar-related drug use were not included.

[0055] The following pertains to a description of the
laboratory protocol of this study. The applied laboratory
protocol (FIG. 1) was conducted in a previous study by our
laboratory and proved to be a suitable protocol to induce
acute stress in FFs [4]. ECG signals were continuously
acquired throughout the duration of the experiment (approx.
1 hour) using the VitalJacket® [9] (VI) at 500 Hz from a
single lead. The V] is a wearable bio-monitoring platform
(in form of a t-shirt) able to collect ECG signals in a
real-time manner, without affecting daily activities of users.
It also contains a 3-axis Accelerometer system, allowing
ECG signals correction for actigraphy profiles.

[0056] The laboratory protocol (see FIG. 5) performed by
volunteers was composed of 3 main tasks during which they
were comfortably sat in a chair. For evaluating the impact of
stress in cognitive performance and after collecting an ECG
baseline reading, a 2-choice reaction time task (CRTT1) [10]
was conducted. This task required participants to respond to
a stimulus, by clicking in a button, as fast as possible. The
stimuli consisted in three different types of targets: (left
screen) an arrowhead pointing to the left on top of a square
both filled with a sinewave grating pattern; (right screen) the
same stimulus, but with the arrowhead directed to the right;
(middle screen) the grating square only (without an arrow-
head) which remained in the center of the screen, between
the appearance of each stimulus along the task—as illus-
trated in FIG. 1. Following this, the Trier Social Stress Test
(TSST) [8], a gold-standard psychological stress assessment
procedure, was applied. After subjects were exposed to the
stress condition, they performed again the simple CRTT
(CRTT?2) described above. Visual Analog Scales (VAS) [11]
were used for stress psychological self assessment after each
main task (after CRTT1, after TSST and after CRTT2).
Participants were allowed to rest between each main event.
All the ECG-based samples not belonging to the “TSST”
event were labeled as “non-stress” and remaining ones as
“stress”.

[0057] The laboratory protocol performed by volunteers
was composed of 3 main tasks during which they were
comfortably sat in a chair. For evaluating the impact of stress
in cognitive performance, a 2-choice reaction time task
(CRTT) [10], was conducted. Following this, the Trier
Social Stress Test (TSST) [8], a gold-standard psychological
stress assessment procedure, was applied. After subjects
were exposed to the stress condition, they performed again
the simple CRTT (CRTT2) described above. Visual Analog
Scales (VAS) were used for stress psychological self assess-
ment after each main task (after CRTT1, after TSST and
after CRTT2).

[0058] The following pertains to the ECG processing and
features extraction. Since the primary method for feature
extraction in the literature uses a W-HRV approach [7],
where features are extracted from a fixed-length time inter-
val with each sample representing a different shift of this
interval, we compared the accuracy achieved in the proposed
classification problem using W-HRV versus the disclosed

Jun. 18, 2020

HBM method both in FFs and ATCs. In HBM, each heart-
beat waveform is treated as a separate sample.

[0059] In order to compare the two methods, we created a
separate set of labelled samples for each method—see table
1, for the presently used features in contrast with those used
in prior art documents.

TABLE 1

Enumeration of the features used in the classification task for each type.

8. ST segment Domain

9. QRS segment

. SDNN (standard deviation NN-intervals)
. TMSSD (square root of the mean
squared difference of successive NN
intervals)
10. pNN30 (number of pairs of successive
NN intervals that differ by more than 50
ms)
11. RMS of the mean of the square of NN
intervals

HeartBeat
Morphelogy
(HBM) Features Windowed Heart Rate Variability
[41, [12] (W-HRV) Features [6], [7]
1. RR segment Frequency 1. Spectral power in [0-0.015] H
2. QR segment Domain 2. Spectral power in [0.015-0. 025] Hz band
3. RT segment 3. Spectral power in [0.025-0.050] Hz band
4. ST interval 4. Spectral power in [0.050-0.120] Hz band
5. ST, interval 5. Spectral power in [0.120-0.300] Hz band
6. QT interval 6. Spectral power in [0.300-0.400] Hz band
7. QT interval  Time 7. AVNN (average of NN-intervals)

8

9

[0060] The following pertains to presently disclosed
method, HBM, features extraction. ECG heartbeats acquired
during the different stages of the protocol were considered as
samples with the temporal metrics extracted from each of
these heartbeats as the features that characterize each respec-
tive sample of the dataset. ECG heartbeats (dataset samples)
were therefore labelled as belonging to a “stressful” or
“non-stressful” event according to the protocol stage in
which they were acquired. Only the heartbeats that were
collected in the TSST portion of the experiment were
labelled as in the positive class, as per [4], with all others
labelled as being in the negative class.

[0061] A set of nine features was extracted from each
heartbeat waveform. The features used in this approach were
based on temporal distances between fiducial points Q, R, S
and T and were extracted using a ECG morphology-based
patent pending [12, 21] processing scheme adopted in our
previous study [4]—see FIGS. 2 and 3. R points were the
first fiducials to be located, using the widely known Pan
Tompkins algorithm [13]. Considering that existing litera-
ture shows that the best method for detecting ECG fiducial
points is based on low order polynomial filtering, the
remaining fiducials—Q, S and T—were located after apply-
ing a second order Butterworth low-pass filter with a cut off
frequency of 10 Hz to the raw signal. Fiducial points were
discovered based on previously established physiological
time intervals [15]. The Q points were identified by com-
puting the signal derivative considering a time window of
0.10 seconds before each R point. The last peak within this
time window was marked as point Q for each heartbeat.
Point S was located by applying a similar method, also based
on signal derivatives. The first temporal mark, at which the



US 2020/0187807 A1l

derivative changed from negative to positive values, 0.05
seconds after the R point, was assigned as the point S. For
locating the peak of the T wave, it was determined the last
temporal index where the derivative of the signal changed
from positive to negative values, within a time window of
0.05 to 0.40 seconds after each QRS complex, for each
heartbeat.

[0062] QR, RT, ST and QRS segments were calculated as
depicted in FIG. 3. RR intervals were defined as the interval
between two consecutive R points. Contrary to the prior art,
R is used as a temporal feature and in a less complex way,
also less computationally heavy. The index of the beginning
of QT was computed as the last point where the derivative
changed from positive to negative in a time window of 0.03
seconds before each Q point. The end of the T wave was
computed as the index corresponding to the last point at
which the signal derivative changed from negative to posi-
tive values within 0.15 seconds after the T peak. ST, and
QT intervals were also included. These are the ST and QT
intervals corrected for the interference of heart rate for each
heartbeat, using the Bazett Formula [16]:

oo e 2 o ST
VR VRR
[0063] Through this process the QR, RT, ST, RR and QRS

segments, as well as the ST, QT, ST and QT . intervals were
calculated for each heartbeat. The QT segment was also
initially considered but revealed to be highly correlated to
several other features, it was excluded in the classification
task, leaving the remaining 9 features used in the HBM
method—please see table I.

[0064] Noisy HBs were removed after computing all the
nine temporal distance measures, by identifying the HBs
which did not satisfy the following conditions [15]:

QR=0.075 s and 0.200<QT<0.360 s

[0065] The following pertains to W-HRV features extrac-
tion. A fixed window of length 80 seconds was chosen
through 10-fold cross validation over our training set with a
generic Random Forest classifier. Each window was labeled
as belonging to a stress event if the majority of the heartbeat
waveforms contained in this window were labeled as
belonging to a stress event.

[0066] In accordance with the literature [7], the Lomb-
Scargle Periodogram was calculated on the RR-intervals
determined with Pan Tompkins algorithm [13] and 6 spectral
features were extracted based on the power in each of
several bands, described in Table I [7]. In addition to spectral
features, we also extracted 5 time-based HRV features
(described in Table I) [7].

[0067] A total of 11 W-HRV features were therefore
extracted from each window, contrasting with the 9 features
in the HBM method (Table I).

[0068] The following pertains to the classification task.
We trained and tested on the same person data in our
protocol to evaluate the effectiveness of each method with
regard to within subject (rather than between subject) event
sensing—yplease see FIG. 4. This was done by dividing the
samples in each subject into 5 equally sized, random groups
and using a leave-one-out testing scheme. This was done 5
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times such that in the end, every sample in each subject’s
time series had a score associated with it. These scores were
then un-permuted so as to rearrange them back into the
temporally sequential order in which they had been col-
lected. This gave us a vector of scores for every sample in
each subject’s time series, in order. Using this score vector
and the ground truth vector, we compared HBM to W-HRV
in 5 different standard metrics: Accuracy, Precision, Recall,
F1 Score, and the Area Under the Receiver Operating
Characteristic curve (AUROC).

[0069] Several classifiers were compared for use in evalu-
ating the effectiveness of HBM features versus W-HRV
features. Among these models were: Linear Support Vector
Machines (SVM), Kernel Support Vector Machines
(K-SVM), K-NN (K-Nearest Neighbor) and Random Forest.

[0070] We used 5-fold cross validation grid search to find
the best parameters for each subject for each model. Number
of models in Random Forest was chosen by grid search from
2to 70 in increments of 2. SVM C parameter grid search was
from 107* to 10* over factors of 10. The K-SVM sigma grid
search was from 10~* to 10 over factors of 10. K-NN K grid
search was from 1 to 20 by increments of 2.

[0071] After this was done, the model with the highest
average cross validation fold F1-Score for each subject was
used for the remainder of our experimentation and evalua-
tion for that respective subject. In every case, the model with
the highest performance on the validation set was a Random
Forest Classifier, differing in the number of trees used
depending on the subject and the method. The number of
predictors sampled from on each tree split was the square
root of the number of total predictors.

[0072] We compared HBM with W-HRV in three main
areas: computational complexity, stress localization, and
stress detection, which are discussed below.

[0073] The HBM features require only a single pass
through the ECG signal to detect fiducial points and perform
the elementary operations necessary to derive the associated
features making the entire HBM method O(n) in computa-
tion.

[0074] For each new shift of the W-HRV, 16 seconds are
removed from the end of the old window and the next 16
seconds of the time series are added onto the front of the new
window. The Lomb Periodogram is derived for the entire
new window. The Lomb Periodogram is O(nlog(n)). The
remaining HRV features are O(n) making the entire W-HRV
method O(nlog(n)+n) (O(nlog(n))).

[0075] This difference in computational complexity sug-
gests different niches in stress event sensing where HBM
features or W-HRYV features shine. W-HRV features may not
be as applicable to online sensing or wearable technology
given the need for streamlined computation in these areas.
Instead, W-HRV may be more suited for offline analysis of
stress events.

[0076] Stress Localization is the process of determining
the exact temporal bounds of a stress event. The nature of
stress localization inherently gives equal importance to all
samples within the stress event. With this in mind, in order
to evaluate each method in this area, we used the metrics
derived above. Average performance measures over all
subjects (ATCs and FFs separately), for each method are
shown in Table IL
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TABLE II
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Average test scores for each method and occupation.

Accuracy  Precision  Recall ~ F1 Score ~ AUROC
FF HBM 0.837 0.703 0.595 0.628 0.843
HRV 0.928 0.865 0.800 0.814 0.958
difference 0.091 0.162 0.205 0.186 0.114
ATC  HBM 0.861 0.711 0.527 0.590 0.833
HRV 0.906 0.889 0.817 0.845 0.956
difference 0.043 0.178 0.289 0.255 0.123
[0077] HRV performance is better than HBM: difference HRV. Nevertheless, if we want a precise and accurate

of approx. 7% in accuracy, 17% in precision and 22% in F1
score (see table 2). The W-HRV method appears to be more
effective for post processing the data offline when the goal
is to determine the exact beginning, end, and duration of the
stress event.

[0078] Unlike, stress localization, stress detection does not
aim to determine exact bounds on the support of the event.
Instead, it attempts to determine (as soon as possible) when
the event begins, in an online fashion.

[0079] Let us define the Normalized Distance to Boundary
(D), in percentage, as:

d
D=-.100
L

[0080] where d is the shortest distance between the pre-
dicted stress label and the beginning of the stress interval,
and L is the length of the stress interval. In the following
table, performance in terms of this measure is showed for
each method and population in specific.

TABLE III

Normalized Distance to Boundary and Time Resolution.

D (%) Window Length (sec) Time Resolution (sec)

FF  HBM 1.55 0.79 * 079 *
HRV 2.03 80.00 16.00 **
difference 0.48 79.21 (99%) 15.21 (95%)

ATC HBM 5.32 0.76 * 076 *
HRV 3.88 80.00 16.00 **
difference  -1.44 79.24 (99%) 15.24 (95%)

* average length of heart beat
** window overlap of 80%

[0081] The following can be ascertained then:

[0082] HRV and HBM have similar performance in
detecting stress boundary (distance to stress boundary,
metric D in table III).

[0083] Needed window length to detect stress boundary
is 98% smaller for HBM (see table III).

[0084] Stress detection time resolution is 90% smaller
for HBM (see table III).

[0085] HRYV is more accurate and precise but needs
large windows and has low time resolution whereas
HBM is less accurate and precise, but detects stress
with a much larger time resolution, needing a very
small window—only one heartbeat and its RR distance
to the previous R peak, on average.

[0086] If we are looking for a fast, cause/effect stress
detector, HBM has much better characteristics than

stress detector and can sacrifice time resolution, HRV is
a better method than HBM.

[0087] It is evident from this disclosure that W-HRV and
HBM have specific applications in stress event sensing.
W-HRV methods have slightly higher “accuracy” (F1
Score), yet they require more computation and do not
achieve very good detection results.

[0088] In comparison, HBM methods require far less
computation ((O(n)) computational complexity) and show
excellent results in the area of detection. This makes the
HBM method an excellent candidate for use in online
processing and detection, while W-HRV methods are pos-
sibly more suitable for offline post-processing of the time
series data. Therefore, each application should weigh the
benefits of accurate detection with early detection. To pro-
vide a fair comparison, we have used a roughly equivalent
number of features for both.

[0089] The features used in the detection method are
found to be relevant for the intended result of detecting
stress in a very short period of time, in different amounts.
The weights in Table IV give an indication of this. Note that
the features with the highest weights will not necessarily
produce the best detectors, as that relationship is not linear
or even straightforwardly predictable from these weights.

TABLE IV

Performance versus fiducial features.

Features Abs(weight)
RT 0.713
RR 0.456
QT interval 0.286
ST 0.266
QR 0.229
STe 0.220
Qs 0.125
ST interval 0.113
QTc 0.047

[0090] The features used in the detection method are also
relevant for the intended result of detecting stress in a very
short period of time, ideally in one heartbeat period in a very
few heartbeat periods. The table V illustrates different results
obtained for different numbers and combinations of heart-
beat fiducial features.
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TABLE V

Performance versus fiducial features.

Mean SD Mean SD
Features Accuracy  Accuracy F1 F1
RT 0.800 0.106 0.563  0.254
RT + QT interval 0.888 0.078 0.705  0.221
RR + STe + QTe 0.912 0.034 0.783  0.142
RT + RR + QT interval 0.892 0.069 0.725  0.190

RT + RR + QT interval + ST+ 0.934 0.031 0.809  0.179
QR + STe

RT + RR + QT interval + ST+  0.936 0.027 0.826  0.130
QR + STc + QS + ST interval

RT + RR + QT interval + ST+  0.940 0.028 0.826  0.130
QR + STe+ QS +

ST interval + QTc

[0091] It can be seen as how, for single heartbeat period
detections, the use of a single feature provides rather inferior
results when compared to the other possibilities. Using 2
features, like RT, QT interval, or 3 features like RR, STc,
QTec, or like RT, RR, QT interval provides results that are
acceptable in some use cases. Also, adding more features
enabled higher quality results, providing improved accuracy
for 6 features RT, RR, QT interval, ST, QR, STc, or even 8
features RT, RR, QT interval, ST, QR, STc, QS, ST interval.
[0092] Results using RT have provided uniformly better
results. This was surprising as RR would have been a more
promising initial candidate. Furthermore, QT interval also
provided uniformly better results when combined with RT.
In particular, the combination of RT, RR, QT interval, ST,
QR, STc provided particularly good detection results for
single heartbeat periods. Adding, subsequently, the features
QS or QTc does not substantially improve the results.
[0093] The following references are incorporated by ref-
erence in their entirety.

[0094] [2] J. Cunha, “PHealth and wearable technolo-
gies: A permanent challenge,” Stud. Health Technol.
Inform, vol. 177, pp. 185-195, 2012.

[0095] [4] J. Paiva, S. Rodrigues, and J. Cunha,
“Changes in ST, QT and RR ECG intervals during
acute stress in firefighters: A pilot study,” in Engineer-
ing in Medicine and Biology Society (EMBC), 2016
IEEE 38th Annual International Conference of the.
IEEE, 2016, pp. 3378-3381.

[0096] [7] A. Voss, R. Schroeder, A. Heitmann, A.
Peters, and S. Perz, “Shortterm heart rate variability—
influence of gender and age in healthy subjects,” PloS
one, vol. 10, no. 3, p. e0118308, 2015.

[0097] [8] M. Birkett, “The Trier Social Stress Test
protocol for inducing psychological stress,” Journal of
visualized experiments: JoVE, vol. 19, no. 56, 2011.

[0098] [9] J. Cunha, B. Cunha, A. Pereira et al., “Vital-
jacket: A wearable wireless vital signs monitor for
patients’ mobility in cardiology and sports,” in Perva-
sive Computing Technologies for Healthcare, 2010 4th
International Conference on. IEEE, 2010, pp. 1-2.

[0099] [10] J. Paiva, “Predicting lapses in attention: a
study of brain oscillations, neural synchrony and eye
measures,” MSc Thesis, University of Coimbra, pp.
33-36, 2014,

[0100] [12]J. Cunha and J. Paiva, “Biometric Method
and Device for Identifying a Person Through an Elec-
trocardiogram (ECG) Waveform—ref. PT109357,”
2016, PT109357.

Jun. 18, 2020

[0101] [13]J. Pan and W. Tompkins, “A real-time QRS
detection algorithm,” Biomedical Engineering, IEEE
Transactions on, vol. 32, no. 3, pp. 230-236, 1985.

[0102] [15]D. Clifford, “ECG statistics, noise, artifacts,
and missing data,” Advanced Methods and Tools for
ECG Data Analysis, vol. 6, pp. 55-99, 2006.

[0103] [16] H. Bazett, “An analysis of the time-relations
of electrocardiograms,” Heart, vol. 7, pp. 353-370,
1920.

[0104] [20] Koros A., D.R. P. S., Panjwani G., Ingurgio
V., D’ Arcy J. F. Complexity in air traffic control towers:
A field study part 1. Complexity factors; Virginia 2003;
pp 1-125.

[0105] [21] Paiva J S, Dias D, Cunha J P S (2017)
Beat-ID: Towards a computationally low-cost single
heartbeat biometric identity check system based on
electrocardiogram wave morphology. PLOS ONE
12(7): e0180942. https://doi.org/10.1371/journal pone.
0180942.

[0106] The term “comprising” whenever used in this
document 1is intended to indicate the presence of stated
features, integers, steps, components, but not to preclude the
presence or addition of one or more other features, integers,
steps, components or groups thereof.

[0107] Flow diagrams of particular embodiments of the
presently disclosed methods are depicted in figures. The
flow diagrams do not depict any particular means, rather the
flow diagrams illustrate the functional information one of
ordinary skill in the art requires to perform said methods
required in accordance with the present disclosure.

[0108] It will be appreciated by those of ordinary skill in
the art that unless otherwise indicated herein, the particular
sequence of steps described is illustrative only and can be
varied without departing from the disclosure. Thus, unless
otherwise stated the steps described are so unordered mean-
ing that, when possible, the steps can be performed in any
convenient or desirable order.

[0109] Furthermore, it is to be understood that the inven-
tion encompasses all variations, combinations, and permu-
tations in which one or more limitations, elements, clauses,
descriptive terms, etc., from one or more of the claims or
from relevant portions of the description is introduced into
another claim. For example, any claim that is dependent on
another claim can be modified to include one or more
limitations found in any other claim that is dependent on the
same base claim.

[0110] It is to be appreciated that certain embodiments of
the disclosure as described herein may be incorporated as
code (e.g., a software algorithm or program) residing in
firmware and/or on computer useable medium having con-
trol logic for enabling execution on a computer system
having a computer processor, such as any of the electronic
data processors described herein. Such a computer system
typically includes memory storage configured to provide
output from execution of the code which configures a
processor in accordance with the execution. The code can be
arranged as firmware or software, and can be organized as a
set of modules, including the various modules and algo-
rithms described herein, such as discrete code modules,
fanction calls, procedure calls or objects in an object-
oriented programming environment. If implemented using
modules, the code can comprise a single module or a
plurality of modules that operate in cooperation with one
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another to configure the machine in which it is executed to
perform the associated functions, as described herein.
[0111] The disclosure should not be seen in any way
restricted to the embodiments described and a person with
ordinary skill in the art will foresee many possibilities to
modifications thereof. The above described embodiments
are combinable. The following claims further set out par-
ticular embodiments of the disclosure.

1. A method for on-line determining an indicator indica-
tive of stress using individual heart beat ECG features of
data acquired from an individual subject, comprising:

obtaining a data sample of each heart beat individually

from the acquired data;

using an electronic data processor for calculating a set of

fiducial heart beat features from each said data sample
of an individual heart beat;
using the electronic data processor for classifying each
data sample as indicative of stressed or not-stressed,
using a pretrained classifier which was previously
trained using the same fiducial heart beat features from
previously acquired reference data samples each from
individual heart beats of said individual subject; and

determining the indicator of stress as detected when at
least one data sample of an individual heart beat is
classified as indicative of stressed,

wherein the fiducial heart beat features comprise RT and

QTinterval.

2. The method according to claim 1, wherein the fiducial
heart beat features further comprise ST, QR, STc and RR.

3. The method according to claim 2, wherein the fiducial
heart beat features further comprise QRS and ST _interval.

4. The method according to claim 1, wherein the indica-
tion of stress is determined beat-to-beat and is determined as
detected when one data sample is classified as indicative of
stressed over a time duration of only one heart beat and an
RR distance between said one heart beat and the previous
heart beat.

5. The method according to claim 1, wherein the fiducial
features consist of the fiducial features: RR, QR, RT, STc,
QTinterval, and ST_interval.

6. The method according to claim 1, wherein the indica-
tion of stress is determined as detected when 1-50, 1-20,
1-10, 1-5, 1-2, or only 1 data samples, each of an individual
heart beat, are classified as indicative of stressed.

7. The method according to claim 1, wherein the indica-
tion of stress is determined as detected when a majority of
data samples, each of an individual heart beat, are classified
as indicative of stressed over a predetermined duration of the
acquired data.

8. The method according to claim 1, wherein the indica-
tion of stress is determined as detected when a predeter-
mined number of consecutive data samples of individual
heart beats are classified as indicative of stressed.

9. The method according to claim 1, wherein the pre-
trained classifier is selected from the group consisting of: a
Linear Support Vector Machine (SVM), a Kernel Support

Jun. 18, 2020

Vector Machine (K-SVM), a K-Nearest Neighbor (K-NN),
and a Random Forest classifier.

10. The method according to any claim 1, wherein the
determining of the indication of stress comprises determin-
ing the indication of stress under a predetermined time
interval after the beginning of a detection of a class indica-
tive of stress interval of said subject.

11. A non-transitory storage media including program
instructions for implementing a method for on-line detecting
stress using individual heart beat ECG features of data
acquired from a subject, the program instructions including
instructions executable by an electronic data processor to
carry out the method of claim 1.

12. A device for on-line detecting stress using individual
heart beat ECG features of data acquired from an individual
subject, comprising an electronic data processor and data
storage media configured for:

obtaining a data sample of each heart beat individually

from the acquired data;
calculating a set of fiducial heart beat features from each
said data sample of an individual heart beat;

classifying each heart beat data sample as stressed or
not-stressed, using a pretrained classifier which was
previously trained using the same fiducial features from
previously acquired reference data samples each from
individual heart beats of said individual subject; and

determining stress as detected when at least one data
sample is classified as stressed,

wherein the fiducial heart beat features comprise RT and

QT interval.

13. The device according to claim 12, wherein the fiducial
heart beat features further comprise ST, QR and RR.

14. The device according to claim 13, wherein the fiducial
heart beat features further comprise QRS and ST_interval.

15. The device according to claim 12, wherein stress is
determined beat-to-beat and determined as detected when
one data sample is classified as stressed over a time duration
of only one heart beat and the RR distance between said one
heart beat and the previous heart beat.

16. The device according to claim 12, wherein the fiducial
heart beat features consist of the fiducial features: RR, QR,
RT, STe, QT interval, and ST_interval.

17. The device according to claim 12, wherein the pre-
trained classifier is selected from the group consisting of: a
Linear Support Vector Machine (SVM), a Kernel Support
Vector Machine (K-SVM), a K-Nearest Neighbor (K-NN),
and a Random Forest classifier.

18. The device according to claim 12, wherein the detect-
ing of stress comprises detecting stress under a predeter-
mined time interval after a heart beat classified as stressed.

19. The device according to claim 12, wherein the device
is a wearable device.
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