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(57) ABSTRACT

A method of monitoring sleep comprises simultaneously
recording a person’s electrocardiogram (ECG) and photop-
lethysmogram (PPG), deriving a plurality of parameters
from the recorded data, and providing an output indicative
of a sleep characteristic based upon an analysis of the
parameters. The ECG and PPG may be recorded using an
apparatus which is a combination of a Holter monitor and a
pulse oximeter, which is wearable in ambulatory manner.
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METHOD AND SYSTEM FOR MONITORING
SLEEP

FIELD OF THE INVENTION

[0001] The present invention relates to the monitoring of
sleep, including sleep state or sleepiness levels of humans in
a convenient way, and more specifically to a method and
system for acquiring and processing the related information.

BACKGROUND

[0002] Monitoring of sleep state and sleepiness is useful in
a clinical context for assessing subjects with suspected
obstructive sleep apnoea, and in an industrial context for
monitoring sleepiness in vehicle drivers and in actual work
environments, particularly where sleepiness-related acci-
dents can have serious consequences.

[0003] Obstructive sleep apnoea syndrome (OSAS) is a
prevalent but under-diagnosed condition with serious car-
diovascular consequences, and is highly treatable. Standard
in-laboratory testing for OSAS involves an overnight study
to assess severity of apnoea and sleep fragmentation, and
may also involve an all-day study to assess daytime sleepi-
ness. Assessment of sleep fragmentation can be achieved by
analysing the overnight study to produce a chart of sleep
stages, and the assessment of daytime sleepiness can be
accomplished by measuring on nwltiple occasions over a
day, the time taken for subjects to fall asleep (the so-called
Multiple Sleep Latency Test).

[0004] However, due to increasing public awareness of
OSAS and resource constraints in healthcare systems, in-
laboratory testing for OSAS suffers from low availability in
many countries. Therefore there is considerable interest
among the professional societies in sleep medicine in the
development of reliable low-cost techniques suitable for use
in the home environment for identification of subjects with
OSAS.

[0005] 1In the general population, the problem of sleepi-
ness 1s recognised as a contributing factor to occupational
and vehicular accidents. In the area of transportation safety,
there is a lot of interest in methods to monitor driver fatigue.
At the same time, there is interest in techniques that can
complement existing in-laboratory clinical tools by assess-
ing sleepiness over prolonged periods in the actual work
environment.

[0006] A variety of techniques have been disclosed in the
background art for addressing the need for sleep state and
sleepiness monitoring outside of the laboratory environ-
ment.

[0007] For sleep state monitoring, portable systems incot-
porating the required signals for standard in-laboratory
monitoring (2 channels of electro-encephalography, 2 chan-
nels of electro-oculography and 1 channel of electro-myo-
graphy) have been developed. However, these systems
require substantial clinical support to operate in the home
environment. Subjects usually have to visit the sleep clinic
before and after the overnight study to have the equipment
set-up and removed. They also require the attachment of
electrodes to the head, which can be disruptive and incon-
venient.

[0008] Another method is to use a subset of the standard
signals (such as a single EEG channel) to obtain an approxi-
mation. However, EEG monitoring at home requires signifi-
cant user expertise, and it docs not allow concurrent apnoea
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detection. Methods using other signals to provide estimates
have also been proposed. These methods include actimetry,
ECG plus respiration, and peripheral arterial tone plus
actimetry. However. actimetry alone can only distinguish
between wake and sleep but not the different stages of sleep,
and also does not allow concurrent apnoea detection. Periph-
eral arterial tone monitoring requires proprietary and costly
hardware and associated software. Respiration monitoring
may be prone to sensor displacement in a home environ-
ment.

[0009] For sleepiness monitoring outside laboratory con-
ditions, methods using eyelid closures, head movements,
video surveillance, EEG, and actimetry have been proposed.
However, methods using eyelid closures, head movements,
video surveillance are not portable, so while it is feasible for
applications such as driver sleepiness monitoring, it is not
suitable for applications requiring ambulatory monitoring.
EEG is ambulatory, but technical difficulties for long-term
monitoring exist, and again it is inconvenient to have
electrodes attached to the scalp. Sleepiness can be more
objectively assessed with measurements such as the Psy-
chomotor Vigilance Test (PVT) which measures a subject’s
reaction times. It has been shown that in a given subject, the
reaction times will decrease as the person becomes
sleepier—therefore PVT scores are used as a surrogate for
sleepiness. However, PVT scoring takes approximately 10
minutes to carry out, and requires the subject’s active
attention so cannot be used for in-task monitoring of sleepi-
ness.

SUMMARY

[0010] In its broadest aspect the present invention pro-
vides a method of monitoring sleep, comprising recording a
person’s electrocardiogram (ECG), deriving a parameter
from the recorded data, and providing an output indicative
of a sleep characteristic based upon an analysis of the
parameter.

[0011] In preferred embodiments the present invention
provides a method of monitoring sleep, comprising simul-
taneously recording a person’s electrocardiogram (ECG)
and photoplethysmogram (PPG), deriving a plurality of
parameters from the recorded data, and providing an output
indicative of a sleep characteristic based upon an analysis of
the parameters.

[0012] Preferably the ECG and PPG are recorded using a
recording apparatus wearable in ambulatory manner, most
preferably a combination of a Holter monitor and a pulse
oximeter.

[0013] In a preferred embodiment the parameters include
RR interval, pulse amplitude, pulse arrival time and respi-
ratory rate.

[0014] In one embodiment the sleep characteristic is
sleepiness; in another it is the state of sleep.

[0015] The invention also provides a system for monitor-
ing sleep, comprising an apparatus for simultaneously
recording a subject’s electrocardiogram (ECG) and photop-
lethysmogram (PPG), and a data processor for deriving a
plurality of parameters from the recorded data and providing
an output indicative of a sleep characteristic based upon an
analysis of the parameters.

[0016] The invention enables the monitoring of sleep state
or sleepiness level of human subjects in a convenient,
non-invasive and low-cost fashion. In particular, the present
invention provides the advantage that it requires a minimal
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number of signals (two signals) that are robust in the home
environment to perform sleep state monitoring, and these
signals can also be used concurrently for apnoea detection,
which is another significant aspect of sleep apnoea diagnos-
tics. In addition, these signals can be acquired in a non-
invasive and fully ambulatory manner using relatively low-
cost hardware.

[0017] The invention has applications to clinical assess-
ment of subjects with suspected sleep apnoea or sleep
disorders that disrupt sleep state patterns, such as narco-
lepsy, monitoring of sleep and sleepiness patterns in healthy
subjects, fitness-for-duty tests for sleepiness, sleepiness
monitoring in actual work environments such as machinery
operation, and driver sleepiness monitoring.

BRIEF DESCRIPTION OF THE DRAWINGS

[0018] Embodiments of the present invention will now be
described, by way of example, with reference to the accom-
panying drawings in which:

[0019] FIG.11s ablock schematic diagram of a system for
estimating sleep states according to a first embodiment of
the present invention.

[0020] FIG. 2 are waveform diagrams showing parameters
derived from the ECG (upper waveform) and PPG (lower
waveform) which are used in the first embodiment (as well
as the other embodiments).

[0021] FIG. 3 is a diagram illustrating the output of the
system of FIG. 1 for estimating sleep states.

[0022] FIG. 4 is a block schematic diagram of a system for
estimating sleepiness according to a second embodiment of
the present invention.

[0023] FIG. 5 is an example of the variation in features
derived from RR interval, pulse arrival time, and pulse
amplitude for an individual in an alert state (left hand
column) and a sleepy state (right hand column).

[0024] FIG. 6 is a block schematic diagram of a system for
estimating sleepiness according to a third embodiment of the
present invention.

[0025] FIG. 7 is a graph illustrating an example of
detrended fluctuation analysis.

[0026] FIG. 8 illustrates a wrapper-based search process.
DETAILED DESCRIPTION
[0027] FIG.11is ablock schematic diagram of a system for

estimating sleep states according to a first embodiment of
the present invention. The system comprises a data acqui-
sition apparatus 10 and data processing stages 12, 14 and 16.
[0028] The data acquisition apparatus 10 is a combined
Holter monitor and pulse oximeter. The Holier monitor is
capable of recording three data channels. In this embodiment
two of the channels are used to record two ECG waveforms,
and the remaining channel to record the PPG waveform.

[0029] In particular, two channels of ECG (modified lead
V5 and modified lead V1) and one channel of finger PPG
(index finger of non-dominant hand) are recorded simulta-
neously. Only one channel of ECG (modified lead V5) out
of the two channels recorded is used for this embodiment,
the other being recorded to provide redundancy and to allow
for the possibility of calculating an ECG-derived respiration
signal. The data is stored in flash memory within a portable
storage device carried by the subject in a sling pouch or in
a pocket, and is transferred offline to the data processing
stages 12 to 16 for further analysis. The data processing
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stages 12 to 16 can be implemented by a suitably pro-
grammed computer. Alternatively, the portable device can
have processing capability so that real-time monitoring can
be performed.

[0030] It will be noted that this arrangement avoids the
subject having to be connected to a bulky recording system.
This is in contrast to the current technique of monitoring
sleep in a hospital which requires multiple cables to be
attached to the subject, these cables terminating at the other
end in a bulky recording system. In that arrangement the
subject is ‘tied’ to the recording system for the entire night,
as to even go to the washroom would require a technician to
remove and subsequently reattach all the cables. In the
present embodiment the subject is fully ambulatory.

[0031] In the pre-processing stage 12, various parameters
are derived from the ECG and PPG. In the feature extraction
stage 14, various features suitable for classifying sleep states
are extracted from the various parameters derived in stage
12. Finally, in the classification stage 16, a subset of features
is fed into a classifier model to obtain estimated sleep states.

[0032] FIG. 2 are waveform diagrams showing parameters
derived in the pre-processing stage 12 from the ECG (upper
waveform) and PPG (lower waveform). Four parameters,
namely RR interval, pulse amplitude, pulse arrival time and
respiration are derived from the ECG and PPG signals. The
first three are defined based on characteristic points on the
waveforms, shown as small circles in FIG. 2. RR intervals
are the time differences between successive QRS peaks,
which can be detected using conventional methods such as
Hilbert-transformation with thresholding. To derive pulse
amplitude, the PPG is high-pass filtered at 0.05 Hz to
remove a very low frequency baseline and then normalised
to unit median pulse amplitude as raw PPG values varies
considerably between subjects depending on physiological
factors such as body position and technical factors such as
probe application pressure. Pulse amplitude is then calcu-
lated as the beat by beat trough to peak amplitude, and peaks
and troughs can be detected using conventional methods
such as derivative with thresholding. Pulse arrival time is
calculated as the time interval between the R peak on the
ECG and the point with maximum gradient on the systolic
edge of the PPG. Respiration is obtained by band-pass
filtering the PPG between 0.06 and 0.5 Hz.

[0033] In the feature extraction stage 14 the following
features are calculated:

(a) PPG spectral spread. This is the Shannon entropy of the
power spectral density of the PPG signal, calculated for
consecutive thirty-second epochs. This feature is useful for
identifying movement associated with wakefulness as the
power spectral density of PPG waveforms when subjects are
not moving are characterised by a concentration of spectral
power around the heart rate and its first few higher harmon-
ics. In contrast, spectral power is more evenly spread out for
waveforms contaminated by artefact.

(b) PPG pulse amplitude. This is the mean of the pulse
amplitude, calculated for ten-minute epochs sliding at thirty-
second intervals. This feature is useful for identifying
peripheral vasoconstriction associated with REM sleep,
which causes a decrease in pulse amplitude.

(c) Detrended Fluctuation Analysis (DFA). DFA is a tech-
nique from statistical physics useful for determining long-
term correlation in non-stationary time series. DFA was
computed on ten-minute epochs of the RR interval, pulse
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amplitude and pulse arrival time, sliding at thirty-second
intervals. For each epoch, the DFA process is:
[0034] 1. The time series (of length N) is first demeaned
and integrated to get y[k].

[0035] ii. It is then divided into segments each of size n
(FI1G. 7).
[0036] iii. It is then piece-wise detrended according to

the segments (FIG. 7) to get y[k]-y,[k].
[0037] iv. F is then computed as the root mean square of
y[k]_Y}'I[k]a ie.

F LS k k1)
=\ 5 011k

[0038] v. The above is repeated for different values of n
to obtain F[n].
[0039] vi. The log transform is then taken to produce the
fluctuation function Gn], i.e. G[n]=log,,(F[n]).
[0040] Another feature that can be obtained is the scaling
exponent, which is the slope of the line obtained by regress-
ing G[n] on log;on. In prior art, Penzel et al suggested the
scaling exponents obtained from RR intervals are different
between sleep stages. Here we found the values G[n] to be
a better feature for identifying deep sleep.
(d) Respiratory rate variability. This is the difference
between instantaneous respiratory frequency and a baseline
respiratory frequency. Instantaneous respiratory frequency
is calculated using two-minute, non-overlapping epochs of
the PPG-derived respiration signal by taking the frequency
with maximum spectral power between 0.15-0.4 Hz. Base-
line respiratory frequency is calculated in the same way
using ten-minute, non-overlapping epochs. This feature is
useful for identifying deep sleep as respiratory frequency
tend to be highly regular during these periods.
(e) Time and Frequency Analysis. This includes time and
frequency domain descriptors of variability in the RR inter-
val, pulse amplitude and pulse arrival time. Examples
include standard deviation and spectral power in the low-
frequency band.
() Multi-Scale Entropy (MSE). MSE is a statistical physics
technique useful for revealing changing complexity across
different scale factors in complex time series. MSE was
computed on ten-minute epochs of the RR interval, pulse
amplitude and pulse arrival time, sliding at thirty-second
intervals. For each epoch, the MSE process is as follows:
[0041] 1. The time series (of length N) is first linearly
detrended to get x[k].
[0042] 1ii. For a particular scale factor T, y is then
computed by taking the running mean of T consecutive,
non-overlapping values of x[k], i.e.

1 pT

Drp]= =

Wipl== 3,k
k=(p-1)r+1

[0043] where 1<p=N/t.

[0044] iii. The above is repeated for different values of
T to obtain y™[p].

[0045] iv. Sample entropy is then computed for each
y@[p]. For a given time series, its sample entropy is
given by:

SE-In(4/B)
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where A is the total count of m-point matches, and B is the
total count of m+1 point matches. A m-point match occurs
when another set of m-points is within a range of +r of'it. For
example, m can be 1 and r can be 15% of the standard
deviation of the time series.

[0046] 1In the classification stage 16, sleep state estimates
(wakefulness, REM. non-REM) are obtained as follows:

(a) Feature Selection. Preferably, the features described are
calculated for the entire recording, with one feature vector
(made up of all the features) describing each thirty-second
epoch. A subset of the features can then selected using
feature selection methods in conjunction of a training data
set. The feature subset that optimises a certain performance
measure, such as classification accuracy, is selected. For
example, a wrapper-based search engine as depicted in FIG.
8 can be employed for this purpose. Briefly, this is an
iterative procedure that takes in the entire feature set and
outputs a subset of it that optimises a certain performance
measure, such as classification accuracy. The modules of
this engine are:

1. Feature Set Search. All possible feature subset combina-
tions are systematically evaluated if technically feasible.
Otherwise, a search algorithm such as best-first search is
used to systematically evaluate feature subsets.

ii. Feature Set Evaluation. This module evaluates each
feature subset generated by the Feature Set Search module,
and returns its performance estimate. Evaluation can be
performed by cross-validation methods such as leave one
subject out cross validation, where for each subject, data
from all other subjects are used for training, and data from
that subject in question is used for testing.

iii. Epoch Classification. This module uses training data to
train a classification model, such as a linear discriminant
model, and uses the trained model to classify testing data.
The module then returns the classification results.

[0047] The following table presents a list of example
features that can be generated by the feature selection
process, to be used subsequently for distinguishing sleep
states.

No.  Parameter Feature
1 PPG PPG spectral spread
2 RRinterval DFA G[181]
3 PPG Pulse amplitude
4 Pulse arrival time  Percentage of successive values differing

by >50 ms

Normalised low-frequency spectral power
(0.04-0.15 cycles/interval)

DFA scaling exponent

MSE (scale: 8 beats)

Respiratery rate variability

Pulse arrival time

[

6  Pulse amplitude
7 DPulse arrival time
8 PPG

(b). Linear Discriminants. The selected feature subset is
extracted to form consecutive feature vectors, each describ-
ing a thirty-second epoch. The features are then supplied to
a linear discriminant classifier model, which produces prob-
abilities of each epoch being associated with wakefulness,
REM sleep or non-REM sleep.

(c) Post-processing. The probabilities are then smoothed to
reduce epoch to epoch variability and then adjusted using
heuristic rules based on normal sleep physiology in the
population with suspected sleep apnoea. These adjustments
include setting the probability for REM sleep to zero for the
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first 60 minutes of the recording, multiplying by a window
that increases linearly from 0 to 1 from 60 to 100 minutes of
the recording. Another adjustment is to set the probability
for non-REM sleep to zero for the first ten minutes of the
recording.

(d) Maximum A posteriori classification. The epochs are
then classified into wakefulness, REM sleep or non-REM
sleep epochs by assigning them to the class with the maxi-
mum adjusted probabilities.

(e) Heuristic correction. The classifications are then adjusted
using heuristic rules, including reclassifying sections of
non-REM sleep shorter than three minutes which are pre-
ceded and followed by REM sleep to REM sleep. Another
adjustment is to reject short, isolated REM blocks of at most
two-minute duration, and to reclassify these epochs to the
class with next highest probability. Another adjustment is to
reclassify as wake, short isolated sleep blocks of at most
one-minute duration centred on a ten-minute block consist-
ing entirely of wake.

[0048] FIG. 3 gives an example of the classification output
by comparing it with the output obtained from standard
in-laboratory procedures (polysomnography). (a) Top: Poly-
somnography-scored sleep stages, Bottom: Apnoea events
(High=event). (b) Top: Polysomnography-scored sleep
stages collapsed to Wake, REM and Sleep states, Bottom:
Corresponding estimated sleep states (Dots indicate epochs
that were heuristically corrected). Classification accuracy
was 72.3%, and corresponding Cohen’s kappa, which con-
siders accuracy after discounting agreement by chance, was
0.47.

[0049] FIG. 4 is a block schematic diagram of a system for
estimating sleepiness according to a second embodiment of
the present invention. The system comprises a data acqui-
sition apparatus 10 and data processing stages 12, 14' and
16'. Apparatus 10 and stage 12 are the same as the corre-
sponding components of the first embodiment.

[0050] In the feature extraction stage 14', the following
features are derived from the ECG and PPG signals: PPG
spectral spread, respiratory rate variability, PPG pulse
amplitude, time and frequency analysis, detrended fluctua-
tion analysis and multi-scale entropy. The features are
calculated in the same way as described in relation to FIG.
1, except that in this embodiment these features are calcu-
lated on one-minute, non-overlapping epochs of data.

[0051] In the classification stage 16', a subset of features
associated with each epoch is first selected using feature
selection techniques. The process is conducted in the same
way as described in relation to FIG. 1. This subset of features
is then fed into a linear discriminant classification model,
which is trained to distinguish between the alert and sleepy
states. The classification model produces and outputs the
probabilities of each epoch being associated with a sleepi-
ness score. A priori information (such as time of day) may
be used in calculating the discriminant values for the one
minute epoch. Epochs of different length (e.g., from 10
seconds to hours) could also be used in assessing sleepiness.

[0052] FIG. 5 provides an example of how the features
derived from RR interval, pulse arrival time, and pulse
amplitude vary for an individual in an alert state (left hand
column) and a sleepy state (right hand column). The general
decrease in variability in the RR interval and pulse arrival
time and the general increase in variability in pulse ampli-
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tude can be observed qualitatively. Differences in mean
levels of heart rate and pulse amplitude can also be
observed.

[0053] FIG. 6 is a block schematic diagram of a system for
estimating sleepiness according to a third embodiment of the
present invention in which an objective estimate of sleepi-
ness is obtained based on agreement with psychomotor
vigilance test (PVT) scores. The system comprises a data
acquisition apparatus 10 and data processing stages 12, 14"
and 16". Apparatus 10 and stage 12 are the same as the
corresponding components of the first embodiment.

[0054] In the feature extraction stage 14", the following
features are derived from the ECG and PPG signals: PPG
spectral spread, respiratory rate variability, PPG pulse
amplitude, time and frequency analysis, detrended fluctua-
tion analysis and multi-scale entropy. The features are
calculated in the same way as described in relation to FIG.
1, except that in this embodiment these features are calcu-
lated on ten-minute, non-overlapping epochs of data.
[0055] In the sleepiness estimation stage 16", a subset of
features associated with each epoch is first selected using
feature selection techniques such as stepwise regression.
Briefly, in stepwise regression, features are systematically
evaluated in terms of a performance measure such as partial
correlation with PVT scores, and features with statistically
significant partial correlation with PVT scores are selected.
[0056] The following table presents a list of example
features that can be generated by the feature selection
process, to be used subsequently for estimating PVT scores.

No Parameter  Feature

1 RR Interval Heart rate
2 RR Interval Spectral power in low-frequency band (0.04-0.15
cycles/interval)

[0057] The selected feature subset is then fed into a
multiple linear regression model, which is trained to provide
estimates of PVT scores based on a linear combination of the
feature subset. The regression model can also use a priori
information (such as time of day) in calculating the esti-
mated PVT score for the ten minute epochs.

[0058] Experimental Results
[0059] Sleep State Monitoring
[0060] 48 subjects representing the entire range of apnoea

severity (Table I) were randomly recruited from patients
referred to the Sleep Disorders Unit at St. Vincent’s Uni-
versity Hospital, Ireland, for evaluation of suspected sleep
apnoea.

TABLE 1

Subject characteristics (mean + standard deviation, range)

Male:Female 42:6

Age (years) 49 = 10 (28-73)
Body Mass Index (kg/m?) 31 = 6 (21-49)
Apnea Hypopnea Index (hr!) 25 £ 32 (0-171)
Epworth Sleepiness Scale 11 = 6 (0-23)

[0061] All subjects underwent standard overnight diag-
nostic testing for sleep apnoea (polysomnography). ECG
and PPG measurements were simultaneously taken using the
system described above for sleep state monitoring. Post-
polysomnography, experienced sleep technologists per-
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formed standard Rechtschaffen and Kales sleep-staging and
scoring of respiratory events. Table II summarises the sub-
jects’ sleep stage characteristics.

TABLE 1I

Sleep stage characteristics obtained from polysomnography

Sleep State Proportion of total time in bed (%)

Wake 23 = 14 (5-75)
REM 14 £ 7 (0-29)
Non-REM 62 + 11 (21-79)

[0062] The available records were sorted by the subjects’
Apnoea-Hypopnea Index (obtained from polysomnography)
and assigned alternately to either the training or validation
set, yielding training and validation sets of 24 subjects each.
This method for splitting the data was used to control for the
possible influence of apnoea severity on sleep state estima-
tion.

[0063] The system described above was trained using the
training set and tested on the validation set. Table III
summarises the training and validation classification perfor-
mance. As shown, performances on the training and valida-
tion data set were in close agreement, indicating the robust-
ness of the classifier. Overall, a classification accuracy of
73.5+£7.7% (Cohen’s kappa=0.49+0.12) was achieved. To
separately quantify the performance contribution of the
linear discriminant classifier model and the heuristic correc-
tions, Table III also presents the results without heuristic
corrections. As expected, the heuristic corrections were
useful, but the bulk of performance was contributed by the
classifier model.

TABLE III

Sleep state estimation performance

Training Set Validation Set

With Heuristics Correction

Accuracy (%) 728 £8.2 74173

Kappa 0.48 £ 0.13 0.50 + 0.12

Without Heuristics Correction

Accuracy (%) 71.0 £ 8.7 724 £ 78

Kappa 0.45 +0.13 0.47 +0.12
[0064] There was also no significant correlation between

classification performance and apnoea severity (r=-0.03,
p=0.85), indicating that the performance of the classifier was
limited by factors other than apnoea severity.

[0065] Table IV presents the overall confusion matrix
combining results from the training and validation data set.
Based on the confusion matrix, overall positive and negative
predictive value pairs for each of the sleep states were as
follows: Wake (64.1+x12.9%, 88.7+9.8%), REM (50.8+23.
6%, 94.524.5%) and Sleep (83.2£11.9%, 67.6x10.0%).
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TABLE IV

Confusion matrix for sleep state estimation

Reference (Polysomnography)

Wake REM Sleep Total

Estimate (Proposed Wake 5601 501 2813 8915
System) REM 603 3644 2666 6913
Sleep 2395 1220 18710 22325

Total 8599 5365 24189 38153

[0066] Sleepiness Monitoring

[0067] 15 young adults (5 M 10 F, aged 22+3 years, BMI
20.2+2.7 kg/m?) with no known medical conditions were
recruited. All subjects reported normal circadian and sleep-
ing habits, and provided informed consent. Subjects identi-
fied a period of alertness and sleepiness each with respect to
their normal routine and carried out the same experiment
twice on the same day. All subjects chose the morning and
afternoon, with a separation of 5.0+1.6 hours in between
experiments, and had been awake for about 2.7 and 7.7
hours respectively when the experiments were conducted.

[0068] The experiment consists of two main tasks, per-
formed consecutively in the sitting position. The first task
was to watch a ten-minute video, and the second task was to
perform a ten-minute Psychomotor Vigilance Test (PVT).
Physiological measurements (including ECG, PPG, EEG,
respiration and galvanic skin response) were taken through-
out the video and PVT tasks.

[0069] The system described above for sleepiness moni-
toring was developed and tested on this set of data. Using a
subset of features that are derived from the ECG and PPG,
the classifier model was able to distinguish between alert
and sleepy epochs recorded during both the video and PVT
task with an accuracy of 72%=15% (Cohen’s kappa=0.43+0.
31). Performance was only slightly worse for classifying
epochs from the PVT task (70%zx21%, Cohen’s kappa=0.
40£0.42) compared to the video task (73x15%, Cohen’s
kappa=0.47+0.30), indicating that the classification algo-
rithm is robust for classifying data recorded during different
mental situations. Furthermore, using subject-specific clas-
sifiers, classification accuracies of 100% (Cohen’s kappa=1)
could be achieved for every subject. Certain features were
consistently useful across subjects; however, to achieve full
classification accuracy, different additional feature subsets
were required for some subjects.

[0070] The invention is not limited to the embodiments
described herein which may be modified or varied without
departing from the scope of the invention.

1. A method of monitoring sleep, comprising recording a
person’s electrocardiogram (ECG), deriving a parameter
from the recorded data, and providing an output indicative
of a sleep characteristic based upon an analysis of the
parameter.

2. The method claimed in claim 1, comprising recording
the person’s photoplethysmogram (PPG) simultaneously
with the recording of the electrocardiogram (ECG), deriving
a plurality of parameters from the recorded data, and pro-
viding an output indicative of a sleep characteristic based
upon an analysis of the parameters.

3. The method claimed in claim 2, wherein the ECG and
PPG are recorded using a recording apparatus wearable in
ambulatory manner.
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4. The method claimed in claim 3, wherein the recording
apparatus comprises a combination of a Holter monitor and
a pulse oximeter.

5. The method claimed in claim 2, wherein the parameters
include at least one of RR interval, pulse amplitude, pulse
arrival time and respiratory rate.

6. The method claimed in claim 5, wherein the parameters
are analysed by extracting from the parameters a plurality of
features suitable for classifying the sleep characteristic of
interest, and feeding a subset of the features into a classifier
to obtain an estimate of the characteristic.

7. The method claimed in claim 6, wherein the features
include at least one of PPG spectral spread, PPG pulse
amplitude, respiratory rate variability, detrended fluctuation
analysis, time and frequency analysis and multi-scale
entropy.

8. The method claimed in claim 2, wherein the sleep
characteristic is sleepiness.

9. The method claimed in claim 2, wherein the sleep
characteristic is the state of sleep.

10. A system for monitoring sleep, comprising an appa-
ratus for simultaneously recording a subject’s electrocardio-
gram (ECG) and photoplethysmogram (PPG), and a data
processor for deriving a plurality of parameters from the
recorded data and providing an output indicative of a sleep
characteristic based upon an analysis of the parameters.

11. The system claimed in claim 10, wherein the recording
apparatus is wearable in ambulatory manner.

12. The system claimed in claim 11, wherein the recording
apparatus comprises a combination of a Holter monitor and
a pulse oximeter.
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