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PTT Variability for Discrimination of Sleep Apnea
Related Decreases in the Amplitude Fluctuations

of PPG Signal in Children
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Abstract—In this paper, an analysis of pulse transit time variabil-
ity (PTTV) during decreases in the amplitude fluctuations of pulse
photoplethysmography signal (PPG) (DAP) events for obstructive
sleep apnea syndrome (OSAS) screening is presented. The tempo-
ral evolution of time–frequency PTTV parameters during DAP was
analyzed. The results show an increase in the sympathetic activity
index low-frequency component (LF) during DAP for PTTV (85%)
significantly higher than for heart rate variability (HRV) (33%),
(p < 10−13 ). However, decreases in parasympathetic activity pro-
duce lower decrements in high-frequency component (HF) indexes
for PTTV (18%) than for HRV (22%). Thus, PTTV reflects sympa-
thetic changes more clearly than HRV. A clinical study was carried
out. DAP events were classified as apneic or nonapneic using a
linear discriminant analysis from the PTTV indexes. The ratio of
DAP events per hour rDAP, the ratio after filtering based on HRV
indexes rHRV

DAP , or on PTTV indexes rPTTV
DAP , were computed. The

results show an accuracy of 75% for rPTTV
DAP (14% increase with re-

spect to rDAP and 5% increase with respect to rHRV
DAP ), a sensitivity of

81.8%, and a specificity of 73.9% when classifying 1-h polysomno-
graphic excerpts as OSAS or normal. These results suggest that
the combination of DAP and PTTV could be better alternative for
sleep apnea screening using PPG with the added benefit of its low
cost and simplicity.

Index Terms—Children, decreases in the amplitude fluctuations
of pulse photoplethysmography signal (PPG) (DAP), PPG, pulse
transit time variability (PTTV), sleep apnea, time–frequency.

I. INTRODUCTION

THE SPECTRUM of severity for sleep-disordered breathing
ranges from minimal primary snoring to the more severe

obstructive sleep apnea syndrome (OSAS). OSAS is character-
ized by recurrent airflow obstruction caused by total or partial
collapse of the upper airway. These obstructive events lead to
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oxygen desaturation, and an increase in mechanical respiratory
efforts in order to reopen the upper airways. If these efforts
are not sufficient and the hypercapnia level is dangerous, an
arousal is generated to reactivate all the peripheral systems and
respiration is restored.

These episodes may recur hundreds of times in a single night,
with serious health implications [1]. The resulting sleep frag-
mentation [2] and blood gas modifications cause malfunctions
of sleep-related restorative processes, and induce chemical and
structural injuries in the cells of the central nervous system. Not
only does this cause daytime sleepiness, it can in turn lead to sys-
temic hypertension [3] and an increase in the likelihood of car-
diovascular diseases [4]. Childhood is a critical time for acquir-
ing core academic and social skills, and repeated failures related
to sleep fragmentation at critical stages of development can fun-
damentally influence a child’s motivation and behavior [5]–[7].

Diagnosis of OSAS is usually performed by polysomnog-
raphy (PSG) in a sleep laboratory, consisting of the measure-
ment and recording of several signals used to analyze sleep and
breathing, whereas PSG represents the “gold standard” for the
diagnosis, it is an expensive and time-consuming procedure.
Given the high prevalence of OSAS [8] (4% for men, 2% for
women, and 3% for children), its potential importance as a con-
tributing factor to cardiovascular morbidity, and the availability
of an effective treatment for this disease, several strategies have
been developed to decrease the number of the sleep recordings,
including sleep questionnaires, ambulatory recordings, simpli-
fied multichannel systems, and nocturnal oximetry [9].

One alternative to PSG is the pulse photoplethysmography
signal (PPG). PPG, which was developed by Hertzman [10], is
a simple and useful method for measuring the pulsatile compo-
nent of the heartbeat and evaluating peripheral circulation, and
is tie-related to arterial vasoconstriction or vasodilatation gen-
erated by the autonomic nervous system (ANS) and modulated
by the heart cycle. When an apnea occurs, sympathetic activ-
ity increases as a response to the obstructive event in order to
reestablish respiration. The increase in sympathetic activity is
associated with vasoconstriction and is possibly related to tran-
sient arousal [11]–[15]. Vasoconstriction is reflected in PPG
by a decrease in the signal amplitude fluctuation [16]–[18].
Several studies have analyzed the relationship between ap-
nea and peripheral vasoconstriction for OSAS diagnosis
[18]–[20].

Automatic detection of decreases in the amplitude fluctua-
tions of PPG (DAP) have shown their utility for OSAS diagno-
sis [21]. Nevertheless, not all DAP events are associated with an
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apnea. These events may be related to arousals not associated
with apnea or other physiological events. Therefore, in a previ-
ous study [22], information about ANS, measured using HRV,
was included in the diagnostic method, improving significantly
the sensitivity and specificity of OSAS diagnosis by DAPs after
discarding based on HRV parameters.

Spectral analysis of the HRV signal has been widely used for
evaluating the action of the ANS. Power spectral density of the
HRV exhibits oscillations, which are related to the parasympa-
thetic and sympathetic activities [23]. The bandwidth of spectral
components of the HRV goes from 0.003 to 0.5 Hz, where the
range between 0.003 and 0.04 Hz (very low-frequency com-
ponent, VLF) takes account of long-term regulation mecha-
nisms. The range between 0.04 and 0.15 Hz (low-frequency
component, LF) represents both sympathetic and parasympa-
thetic modulation, although an increase in its power is generally
associated with a sympathetic activation. However, even nowa-
days there is some controversy about the contribution of each au-
tonomic branch to this frequency band. The 0.15–0.5 Hz range
(high-frequency component, HF) corresponds to parasympa-
thetic modulation and is synchronous with the respiratory rate.
Finally, the LF to HF ratio is a concise index to evaluate the
sympathovagal balance controlling HR.

On the other hand, PPG has been directly related to the car-
diac function, giving as a result a measure of the pulse transit
time (PTT) [24], [25]. PTT gives a quantitative measure of the
time that the pulse wave needs for passing from one arterial,
typically the aorta, to another, typically in the periphery, and is
evaluated as the time interval between the ECG R peak and the
corresponding PPG wave. Respiratory effort increases caused
by apnea produces an increase in the amplitude oscillations of
PTT [26]–[28]. PTT decreases after an apneic event due to a
sympathetic activation related to arousal, which produces HR
increment, higher stroke volume, and vasoconstriction, which in
turn generate pulse wave acceleration [29]–[31]. Therefore, sev-
eral studies have focused on detecting apnea by using the PTT
signal, whether in adults [24], [32], [33] or children [34], [35].

It is well known that by far the most important part of the
ANS for regulating the circulation is the sympathetic nervous
system [36], [37]. Although the parasympathetic nervous system
is exceedingly important for many other autonomic functions
of the body, it plays only a minor role in the regulation of the
circulation. Its most important circulatory effect is to control the
HR by way of parasympathetic nerve fibers to the sinoatrial node
in the vagus nerves. Blood vessels are, thus mainly innervated
by sympathetic nerve fibers.

The aim of this study is to analyze the PTT variability (PTTV)
during DAPs to evaluate its usefulness for rejecting DAP not re-
lated to apnea, and so increase specificity in the apnea detector.
The hypothesis is that, as PTT, which reflects the peripheral
circulation, is mainly mediated by sympathetic activity, the use
of PTTV instead of HRV could increase the accuracy of DAP
events for OSAS diagnosis after DAP rejection according to
PTTV. To test this hypothesis, a comparison between apnea
screening using only PPG, the combination of PPG and HRV,
and the combination of PPG and PTTV is carried out. The anal-
ysis of PTTV during DAP events presented in this paper is

Fig. 1. DAP detector diagram.

analogous to the analysis of HRV during DAP events shown
in [22]. Section II introduces materials and methods focused
on PTTV analysis. Section III presents the results, which
are discussed in Section IV. Finally, Section V presents the
conclusions.

II. MATERIALS AND METHODS

A. Data

PSG recordings of 21 children over one complete night, the
same dataset as employed in [22], were used in this study. The
age range of the children is 4.47 ± 2.04 (mean±S.D.) years. The
children were referred to the Miguel Servet Children’s Hospi-
tal in Zaragoza for suspected sleep-disordered breathing. EEG
electrode positions C3, C4, O1, and O2, chin electromyogram,
ECG leads I and II, eye movements, airflow, and chest and
abdominal respiratory efforts were recorded by a digital poly-
graph (BITMED EGP800), according to the standard procedure
defined by the American Thoracic Society [38]. PPG and arterial
oxygen saturation (SaO2) were measured continuously using a
pulse oximeter (COSMO ETCO2/SpO2 Monitor Novametrix,
Medical Systems). Signals were stored with a sample rate of
100 Hz, except ECG signals, which were sampled at 500 Hz.
OSAS evaluation from PSG data were scored by clinical experts
using the standard procedures and criteria [8]. Ten children were
diagnosed with OSAS and 11 were diagnosed as normal.

B. DAP Clustering Criteria Related to Apnea Signs

PPG signal was analyzed using the method described in [21]
for DAP detection. This detector is based on a preprocessor
stage, which suppress the mean, an envelope detection using root
mean square technique, and a decision rule based on an adaptive
threshold. The detector also includes an artifact detector stage
based on Hjorth parameters, see Fig. 1.

Segments from ECG, PPG, SaO2 , air flow, and abdominal
effort centered at the DAP event onset and lasting 5 min were
extracted, and from here denoted as DAP events. DAP events,
when analyzed together with respiratory and SaO2 signals, do
not always present well-defined patterns in the sense of being or
not being associated with oxygen desaturation or apnea. To avoid
these uncertainties in defining a training set, a subset of DAP
events with well-defined signatures, related to apnea or oxygen
desaturation, were selected and sorted into five different groups
with uniform patterns based on the gold standard criterion for
defining sleep apneas [8]. The DAP events were classified into
group 1 (G1) when SaO2 decreases by at least 3% and there is
no clear reduction in the airflow signal, group 2 (G2) when the
airflow decreases by at least 50% with respect to the baseline
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Fig. 2. DAP events examples. The DAP event onset and end (as given by the detector) are marked with dashed lines. (a) G1 . (b) G2 . (c) G3 . (d) G4 . (e) G5 .

for a minimum duration of 5 s and there is no reduction in
SaO2 , group 3 (G3) when the airflow reduces by more than 50%
from the baseline and is accompanied by a reduction in SaO2
of at least 3%, group 4 (G4) when the DAP event correlates
neither to the airflow reduction nor the SaO2 decrement, and
finally, group 5 (G5) when the DAP event is related neither

to apneas nor to SaO2 decrements, but a change in respiration
occurs. Fig. 2 shows typical examples of airflow, abdominal
effort, SaO2 , PPG, and ECG for the different groups. G1 , G2 ,
and G3 can be merged into a single group named Ga (apneic
group), while G4 and G5 can also be regrouped into a single
set Gn (nonapneic group). A total of 268 DAP events were
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TABLE I
NUMBER OF DAP EVENTS IN EACH GROUP

extracted. Table I shows a summary of the DAP events in each
group.

C. Variability Analysis

HRV and PTTV were obtained in order to evaluate the ANS.
An automatic QRS detector [39] was applied to the ECG signal
providing the θj beat location for every jth beat.

1) HR: The inverse interval function dIIF(θj ) denoting the
HR time series was extracted from the ECG segments

dIIF(θj ) =
1

θj − θj−1
(1)

and the evenly sampled signal dIIF (m) at 2 Hz was subsequently,
generated using a cubic spline interpolation.

2) PTT: The following process was applied for obtaining
the PTT signal. For every jth beat a PTT value was calculated.
First of all, the PPG signal was interpolated using cubic splines
to increase the resolution in time up to an equivalent sampling
rate of 500 Hz, obtaining the xPPG(k) signal. Therefore, PTTV
and HRV have the same time resolution. Then, the occurrence
time of the pulse wave peak kpj

was detected starting from
150 ms after QRS complex (sample θj +75)

kpj
= arg max

k
[xPPG(θj +75), . . . , xPPG(k), . . . , xPPG(θj+1)]. (2)

The PPG pulse wave onset koj
was then detected

kmj
= arg min

k
[xPPG(θj ), . . . , xPPG(k), . . . , xPPG(kpj

)] (3)

koj
=




kmj
if

∂2xPPG(k)
∂k 2 <0.03

else arg min
k

[
∂2xPPG(k)

∂k2

]
>0.03


∀k ∈{kmj

, . . . , kpj
}.

(4)

The 0.03 threshold was empirically determined. Finally, the
PPG wave reference point krj

was calculated

krj
= arg min

k

[
xPPG(k)≥xPPG(koj

) +
xPPG(kpj

)−xPPG(koj
)

2

]
.

(5)

Thus, the PTT value for each jth beat, dPTT(θj ) is as follows:

dPTT(θj ) = krj
− θj . (6)

PTT values for each beat dPTT(θj ), out of the range [150 and
400 ms] were considered invalid. Finally, the PTT time series
was resampled at 2 Hz by cubic spline interpolation in order
to obtain an evenly sampled signal dPTT(m). Fig. 3 shows an
example of the process applied to obtain the PTT signal. Once
the R peak wave is detected in the ECG signal, the PPG pulse

Fig. 3. PTT measure example.

wave peak kpj
is detected within 150 ms after the j beat and

previous to the next beat. Afterward the minimum value of
xPPG(k) within θj and kpj

is obtained as a possible PPG wave
onset reference koj

. The koj
reference is corrected based on

abrupt changes in the PPG signal, determined with a threshold
in the second derivative (see first and second beat in Fig. 3). The
koj

is not corrected in the third beat. Finally, the pulse arrival at
the periphery is measured as 50% peak value of the PPG wave.

3) Time–frequency transformation: Time–frequency repre-
sentation was used to decompose both signals dIIF(m) and
dPTT(m) in their different frequencies at each time. Details of
time–frequency transformation, where smooth pseudo Wigner–
Ville distribution was used, are shown in [22] and [40]. The
time evolution of PTTV and HRV indexes were then evalu-
ated, total power from 0.0033 to 0.5 Hz (PX

T (m)), VLF power
from 0.0033 to 0.04 Hz (PX

VLF(m)), LF power from 0.04 to
0.15 Hz (PX

LF(m)), HF power from 0.15 to 0.5 Hz (PX
HF(m)),

LF to HF ratio (RX
LF/HF(m)), and their normalized versions

with respect to the total power PX
VLFn

(m), PX
LFn

(m), and
PX

HFn
(m), superscript X ∈{HRV, PTTV}.

D. Statistical Analysis and Classification

1) Statistical Analysis: In order to quantify the evolution of
autonomic variations when a DAP event is associated or not
associated to airflow decrements, SaO2 reductions or to noth-
ing, four time windows were defined in specific time intervals
related to the onset of DAP events. Fig. 4 shows the mean of
the dPTT(m) sequences and the mean of their corresponding
time–frequency maps when the DAP is related or not related to
an apneic episode, as well as the windows defined in relation to
a DAP event. Time 0 s is assigned to the DAP onset. The time
windows are defined as follows: 1) reference window (wr ) is
located 15 s previous to the DAP event onset with a duration of
5 s; 2) DAP episode window (wd ) is found 2 s before the DAP
onset and lasting 5 s; 3) postDAP event window (wp ) located
15 s after DAP onset and lasting 5 s; and 4) global window (wg )
starting at 20 s previous to the DAP onset, lasting 40 s, and
containing the others windows.

In order to reduce the biovariability in dPTT(m) temporal
indexes, the signal was first normalized by subtracting the
mean value and dividing by the variance during the 2 min
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Fig. 4. dPTT (m) mean ± S.D. and mean time–frequency maps for apneic (Ga≡ G1 + G2 + G3 ) and nonapneic (Gn ≡ G4 + G5 ) DAP events. Analysis
windows. Dashed line at reference time indicate DAP onset.

around the DAP event dPTTn
(m). Mean absolute values in

the time windows were computed for dPTTn
(m), PPTTV

LFn
(m),

PPTTV
HFn

(m), and RPTTV
LF/HF(m), and the variance of dPTTn

(m),

obtaining the indexes PTT
w
n ,PPTTVw

LFn
,PPTTVw

HFn
,RPTTVw

LF/HF , and
σw

PTTn
, respectively, for each window w ∈ {wr ,wd, wp , wg}.

The Kruskal–Wallis nonparametric statistic approach was per-
formed in two cases: one, to compare the time variations among
windows of PTTV parameters, and the other to compare differ-
ences among groups for each parameter and window. Post hoc
analysis was applied to determine, which pairs had statistical
differences (p < 0.05).

2) Features Sets: The set of indexes formed by the mean and
the variance within the four different windows (PTT

w
, σw

PTT ,

PPTTVw

VLFn
, PPTTVw

LFn
, PPTTVw

HFn
, and RPTTVw

LF/HF ) were extracted
from the groups (Ga and Gn ) in order to select a set that could
provide separation between normal (apneic unrelated) and ap-
neic (apneic related) DAP events. In addition, the difference
between reference wr and DAP episode window wd , as well as
between wr and postDAP event window wp , was computed and
denoted as ∆Y w 1 −w 2 , where Y is the main index, with Y ∈
{PTT, σPTT , PPTTV

VLFn
, PPTTV

LFn
, PPTTV

HFn
, RPTTV

LF/HF}, and the su-
perscripts w1 and w2 denote the two windows involved (wr for
reference, wd for DAP episode, and wp for postDAP event). A
total of 34 features were extracted.

3) Classifier and Selection of Features: A linear discrimi-
nant analysis was used to distinguish between DAP events re-
lated and unrelated to apnea episodes (Ga and Gn ). For training
the classifier, DAP events in Section II-B selected from groups
G1 to G5 were used. The wrap method was used for feature
selection. Details are shown in [22].

E. Clinical Study

To evaluate the improvement for OSAS diagnosis based on
PPG achieved by adding PTTV information, a clinical study was
carried out analogous to that presented in [22]. The available one
night PSG recordings described in Section II-A were split into
1-h length fragments. These 1-h PSG fragments were labeled
as control, doubt, or pathologic according to SaO2 desaturation
in order later to be able to evaluate the classifier accuracy for
these fragments. To establish these distinctions, a baseline level
β corresponding to the SaO2 signal mode of the entire night

TABLE II
PSG FRAGMENTS CLASSIFICATION

recording was considered. In all the recordings β ≥ 97%. Total
time intervals with the SaO2 signal below β − 3%, tβ−3 , was
calculated for each fragment. The PSG fragments were classified
according to the following criteria:

tβ−3 < 0.9 min, control

0.9 min < tβ−3 < 3 min doubt

tβ−3 > 3 min pathologic. (7)

This implies a minimum of 5% of the time with evident oxy-
gen desaturation to be considered as pathologic, which corre-
sponds to a severe OSAS criteria in children [41] of 18 apneas/h
having a mean duration of 10 s. For the control group, the thresh-
old corresponds to 5 apneas/h. Table II shows the classification
of these PSG fragments.

Now the objective is to classify these 1-h fragments according
to the following three indexes.

1) The number of DAP events per hour ratio, as described
in [21], rDAP .

2) The number of apneic DAP events per hour ratio, consid-
ered as apneic based on HRV according to the methodol-
ogy presented in [22], rHRV

DAP .
3) The number of apneic DAP events per hour ratio, consid-

ered as apneic based on PTTV classification according to
the methodology presented in Section II-D, rPTTV

DAP .
Leave-one-out method was used for testing the classifier.

In each iteration of the algorithm one PSG fragment is ex-
cluded of the training set and receiver operating character-
istic (ROC) curves were calculated for the three indexes
(rDAP , rHRV

DAP , and rPTTV
DAP ). Next the optimum thresholds in

this iteration were determined in terms of minimizing the eu-
clidean distance between them and the optimal point sensitivity
(Se) = 1 and specificity (Sp) = 1. Then, the PSG frag-
ment excluded was classified based on these thresholds and
considered as true positive (TP), false positive (FP), true
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Fig. 5. PTTn ± SE, σPTTn ±, SE and spectral indexes obtained by smooth pseudo Wigner–Ville distribution. The letters refer to the temporal windows analyzed

during DAP. From the top to the bottom, mean PTT (PTTn ), standard deviation PTT (σPTTn ), LF (PPTTV
LFn

), HF (PPTTV
HFn

), and LF to HF ratio (RPTTV
LF/HF )

of PTT. All the spectral parameters were normalized with respect to the total power at each time. * refers to p < 0.05 between windows wr and wd , and § to
p < 0.05 between windows wd and wp .

negative (TN), or false negative (FN) depending on the ref-
erence. These steps are repeated for all 1-h PSG fragments
and the performance of the classifier is calculated. In addition,
Wilcoxon nonparametric statistical analysis was carried out for
all the indexes in order to evaluate their discriminant power
between groups.

When we are interested in having a label attached to a patient,
we need a rule to determine when a patient with a given number
of pathological fragments is considered as a pathologic subject.
To do this, the percentage of time under pathologic fragments
based on rDAP , rHRV

DAP , and rPTTV
DAP was analyzed. The threshold

for this percentage was selected for maximizing Se and Sp.
From the total of 21 children, six subjects were excluded be-
cause only less than 4 h had ECG and PPG signals of acceptable
quality; therefore, 15 registers were included in this study corre-
sponding to eight OSAS and seven normal according to clinical
diagnosis.

III. RESULTS

A. Statistical Analysis Results

Fig. 5 shows mean and standard error of PTTn , σPTTn
, and

spectral indexes obtained by smooth pseudo Wigner–Ville dis-

tribution. The letters refer to the temporal windows analyzed
during DAP (r: reference, d: DAP episode, and p: postDAP
event). * refers to p < 0.05 between windows wr and wd , and
§ to p < 0.05 between windows wd and wp . Table III shows
the mean percentage variation of frequency index during DAP
events for HRV and PTTV analysis.

The best features to classify between Ga and Gn obtained by

the wrap method were σ
wg

PTT , PPTTVw d

VLFn
, and ∆PPTTVw r −w d

VLFn
,

having an accuracy Acc = 66%, a Se = 58%, and a Sp = 75%.

B. Clinical Study Results

The results regarding PSG fragments and subject classifica-
tion are shown in Table IV. The inclusion of PTTV information
improves the PSG fragment classification accuracy in 5% with
respect to rHRV

DAP and 14% with respect to rDAP .
Values of Acc = 75%, Se = 81.8%, and Sp = 73.9% are

obtained by the rPTTV
DAP index. The ROC curves for the training

set in Fig. 6, varying thresholds in rDAP , rHRV
DAP , and rPTTV

DAP ,
demonstrate the advantage of including the PTTV information.
The optimum threshold values for rDAP , rHRV

DAP , and rPTTV
DAP

are 5.13, 3.05, and 3.04, respectively. The AUC for PTTV
increase by about 10% with respect to HRV and DAP only
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TABLE III
MEAN ± S.D. PERCENTAGE VARIATION OF FREQUENCY INDEX DURING DAP

TABLE IV
PSG FRAGMENTS CLASSIFICATION RESULTS

Fig. 6. ROC curves for rDAP (dotted line), rHRV
DAP (dashed–dotted line), and

rPTTV
DAP (solid line). Bullet dots indicate the points, where the global results are

presented.

analysis. In addition, the Wilcoxon statistic analysis shows a
higher discriminant power between pathologic and normal for
rPTTV
DAP (p = 0.0023) than for rHRV

DAP (p = 0.0382) and rDAP
(p = 0.0372). As for subject classification, the inclusion of HRV
and PTTV variability improves the accuracy by 6.7%.

IV. DISCUSSION

An analysis of autonomic control derived from PTTV dur-
ing DAP in children was presented and compared with HRV.
Fig. 5 shows decrements in the dPTT(m) signal during DAP
events associated with apnea (Ga ), in agreement with [26], [30],
[33]–[35]. However, these decrements also occur during DAP
events without apneic association (Gn ), which implies that the
detection of decreases in PTT alone provides a poor specificity
for apnea detection, as was reported by Poyares et al. [30]. The

time evolution of frequency features shows similar patterns in

all groups, an increase inPPTTV
LFn

andRPTTV
LF/HF , and a decrease in

PPTTV
HFn

during DAP, indicating an activation of the sympathetic
branch of the ANS followed by a recovery period. This time
evolution of frequency parameters is similar to the HRV-based
frequency analysis presented in [22], corroborating our previ-
ous results. Although PTTV studies hardly exist in frequency
domain [42], a definition of frequency bands and their physio-
logical meaning similar to the classical used in HRV presents
coherent results because both indexes show the same pattern.

Table III shows the mean percentage variation of frequency
indexes during DAP events. The increase in the sympathetic

activity index for PTTV PPTTV
LFn

, (85%) is significantly higher

(p < 10−13) than for HRV PHRV
LFn

, (33%) during DAP, which
means that PTTV reflects sympathetic changes between differ-
ent physiological conditions (previous to DAP and during DAP)
more clearly than HRV, confirming our hypothesis. This change
could be argued to be due to high noise at some signal, how-
ever the low p-value makes us to state that some systematic
behavior exists, which can be exploit. On the other hand, de-
creases in parasympathetic activity during DAP events produce
lower decrements in parasympathetic activity indexes for PTTV

PPTTV
HFn

, (18%) than for HRV PHRV
HFn

, (22%).
However, frequency indexes of PTTV are not useful in clas-

sifying DAP events as apneic or nonapneic because sympa-
thetic activation is also present in nonapneic DAP events. All
the indexes show similar values for all groups, see Fig. 5, and
no significant differences were found in the Kruskal–Wallis
statistical analysis when comparing differences among groups
for each parameter and window, except for σPTT parameters
(p = 2 × 10−10 for σwg

PTT ), in agreement with [35]. This was,
therefore, the first parameter selected by the wrap method in
the selection of features process. Variability in the PTT signal
is higher in the apneic group (Ga ) than in the nonapneic group
(Gn ), which may be caused by an increase in respiratory effort
as reported in [26]–[28].

The clinical study has shown that including information about
ANS increases the accuracy of DAP events for PSG fragment
classification, confirming our previous results [22]. Deriving this
information from PTTV (rPTTV

DAP ) produces an increase in the
accuracy of PSG fragment classification of 5% with respect to
HRV (rHRV

DAP ). In addition, the index rPTTV
DAP presents an increase

of 9% in AUC for classifying 1-h polysomnographic events with
respect to rHRV

DAP , which means that detection based on rPTTV
DAP is
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more robust than that based on rHRV
DAP , and less dependent on de-

tector parameters. When two indexes have the same Se and Sp ,
the one with higher AUC is less affected by threshold changes
with respect to the optimum. So when the optimum threshold is
not selected, the classifier performance in terms of Se and Sp

is less diminished. As for subjects classification results in terms
of Se , Sp , and Acc were the same for rHRV

DAP and rPTTV
DAP . So this

means that the potential advantages of PTTV are more linked to
detail temporal analysis (1-h fragment) than for overall patient
screening. In this study, HRV or PTTV have been considered
separately. If HRV and PTTV have different autonomic infor-
mation, as results in Table III seems to show, the combination
of both features could give additional improvement, which is
worth to try in a future study.

A limitation of our study is that oximetry has been used as the
reference for 1-h PSG fragments. According to American Sleep
Disorders Association criteria [9], oximetry is not sufficiently
accurate or validated to recommend for use in OSAS diagnosis.
Nevertheless, all pathologic fragments defined according to (7)
correspond to children suffering from OSAS, see Table II and
subjects classification use clinical diagnosis as the reference.

It is worth noting that the subset of DAP (Ga and Gn ), where
the discarding rules are trained, are included in the patients to
be classified later on. Thus, even with different classifying ob-
jectives (one deciding on DAP origin and another on classifying
patients), some bias could be introduced.

It is well established that PPG measurements are quite sensi-
tive to patient and/or probe-tissue movement artifact. The auto-
matic detection of such motion artifact and its separation from
good quality although highly variable pulse recordings, is a
nontrivial exercise in computer signal processing [43]. Move-
ment artifacts detection in OSA diagnostic methods is very im-
portant because movements during arousal caused by apnea
are frequent. So our DAP detector includes an artifact detec-
tor based on Hjorth parameters [21]. Other common source
of error is muscular noise, which affects ECG signal and the
accuracy of beat detection. To avoid this problem we used
a QRS detector based on wavelet transform, which is robust
to muscular noise [39]. Using a multiscale approach, it per-
mits to attenuate noise at rough scales, and then to refine
the precision.

Our main findings are as follows. An increase in sympathetic
activity occurs during DAP events, in concordance with [17]
and [22]. The increase in sympathetic activity is more evident
in PTTV than in HRV so PTTV is a promising technique for
ANS analysis, corroborating our main hypothesis. However,
this difference in frequency analysis is not useful for improving
PSG fragment classification because a sympathetic increase also
exists in nonapneic DAP events. Nevertheless, temporal param-
eters of PTTV show significant differences for classification
among groups. Thus, the inclusion of ANS information im-
proves the PSG fragment classification, and PTTV indexes are
more robust and less detector parameter-dependent than HRV
indexes.

The photoplethysmography signal carries information related
to the cardiovascular function as well as blood gas concentra-
tions. This signal has interesting characteristics that can be used

to detect apneic episodes. On the other hand, another electro-
physiological signal extensively studied for apnea diagnosis is
ECG. HRV analysis has become an important tool in assessing
the human ANS. In addition, PTT is related with both PPG and
ECG signals. PTT can generally refer to the time difference for
a pulse wave to travel between two arterial sites. The speed at
which this arterial pressure wave travels is directly proportional
to blood pressure. A notable rise in blood pressure causes the
vascular tone to increase, and hence, the arterial wall becomes
stiffer, causing the PTT to shorten. For ease of measurement,
the R-wave of the ECG has been used as the starting point, as
it corresponds approximately to the opening of the aortic valve.
Conventionally, the 25% or 50% point of the maximum value
on the PPG pulse waveform is taken to indicate the arrival of
the pulse wave. In this study, 50% was the reference used, see
(5). Using the ECG R-wave as a starting point is convenient and
easily identifiable, but this introduces an inaccuracy as there is a
short delay between the occurrence of the R-wave and the open-
ing of the aortic valve. This delay is also known as the isometric
contraction time or preejection period (PEP) [33]. Although
the PTT signal has been widely explored in recent years, very
few studies have analyzed the PTTV within a time–frequency
approach [42]. Our work has shown that PTTV analysis is a
promising technique for evaluating the sympathetic branch of
ANS, which can be applied in many clinical fields. Neverthe-
less, extended studies are needed to determine the precise link
between PTTV and ANS.

Similar comments to those in [22] can be made, where our re-
sults fall within the reported interrater reliabilities for sleep scor-
ing [44], where the mean epoch by epoch agreement between
five scorers was 73%, and within the interobserver agreement
on apnea-hypopnea index (AHI) using portable monitoring of
respiratory parameters [45], where the AHI agreement scored
by eight physicians was 73% measured by intraclass correlation
coefficient.

Many studies have been carried out for OSAS screening at-
tempting to reduce PSG cost and complexity. Different tech-
niques have been proposed, oximetry-based screening being one
of the most widely suggested for both the adult and pediatric
population. Although these methods have high sensitivity, they
tend to have very low specificity [9]. In addition, a confounding
factor in children is that obstructive events frequently do not
lead to significant oxyhemoglobin desaturation. Pulse oximetry
in children has the same limitation as in adults [46]. Brouillette
et al. [47], in an extensive study involving 349 children, obtained
a positive predictive value of 97%, but the negative predictive
value was only 53%. Other approaches based on ECG [48] have
shown very good results for adults, achieving perfect scores
of 100% in accuracy for subject classification. However, few
ECG-based studies are aimed at children, for whom the phys-
iology is different and important differences in sleep disorders
exist [38], [41]. Shouldice et al. [49] reported a sensitivity of
85.7% and a specificity of 81.8% in an ECG-based study on chil-
dren by adapting previous research on adults, where information
about ECG-derived respiratory signals was included. Cardiores-
piratory sleep studies that typically include two or more signals
have also been considered. These studies have been shown to

Authorized licensed use limited to: IEEE Xplore. Downloaded on May 02,2010 at 22:50:34 UTC from IEEE Xplore.  Restrictions apply. 



GIL et al.: PTT VARIABILITY FOR DISCRIMINATION OF SLEEP APNEA RELATED DECREASES IN THE AMPLITUDE FLUCTUATIONS 1087

be sensitive to OSAS, but mostly in adults [50]. There are other
alternatives, such as nap studies, clinical history, sonography, or
videography [46].

In summary, in terms of sensitivity and specificity, the re-
sults of our proposed method are similar to [49] or better than
currently investigated alternatives for OSAS screening in chil-
dren [46], [47], [51]. However, performance improvement to
reach the levels of accuracy of adult methods would be desirable,
and extended studies are needed to corroborate the potential of
our method in diagnosing sleep disorders in children.

V. CONCLUSION

In conclusion, an analysis has been made of autonomic con-
trol derived from PTTV during DAP in children. Our results
show a significant increase in LF and decrease in HF during DAP
events for PTTV, indicating an increase in the sympatho-vagal
balance of the ANS followed by a recovery period. Frequency
indexes derived from PTTV reflect sympathetic changes more

clearly than HRV. The PHRV
LFn

mean increase during all DAP

events analyzed was 32.6%, whereas the PPTTV
LFn

mean increase
was 85%. However, decreases in parasympathetic activity dur-
ing DAP events produce lower decrements in parasympathetic

activity indexes PPTTV
HFn

for PTTV (18%) than for PHRV
HFn

for
HRV (22%).

A clinical study was carried out to evaluate the improvement
in OSAS diagnosis based on PPG by adding PTTV informa-
tion. DAP events were classified as apneic or nonapneic using
a linear discriminant analysis from the PTTV indexes. The re-
sults show an accuracy of 75% for rPTTV

DAP (14% increase with
respect to rDAP and 5% increase with respect to rHRV

DAP ), a sen-
sitivity of 81.8% and a specificity of 73.9% when classifying
1-h polysomnographic excerpts. In addition, the index rPTTV

DAP
shows an increase of 9% in AUC compared to rHRV

DAP , which
means that detection based on rPTTV

DAP is more robust and less
dependent on detector parameters. As for subjects classification
results are the same for rHRV

DAP and rPTTV
DAP .

PPG and ECG are noninvasive and easily acquired signals.
Furthermore, DAP events, HRV, and/or PTTV, which are closely
related with apnea can easily be obtained from these electro-
physiological signals. The combination of DAP, HRV, and/or
PTTV could, therefore, be an alternative for sleep apnea screen-
ing with the added benefit of low cost and simplicity. Never-
theless, extended studies are needed to corroborate the potential
usefulness of PTTV for evaluating ANS, its relationship with
HRV, and its utility in sleep disorder diagnosis.
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[34] J. L. Pépin, N. Delavie, I. Pin, C. Deschaux, J. Argod, M. Bost, and
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