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postprandial state. These results indicate that ﬁnger PPG
signal contains GM-related information. The ﬁndings are
sufﬁciently encouraging to motivate further exploration of
ﬁnger PPG as a non-invasive source of GM-related information.

Abstract—This article investigates the possibility of extracting gastric motility (GM) information from ﬁnger photoplethysmographic (PPG) signals non-invasively. Now-a-days
measuring GM is a challenging task because of invasive and
complicated clinical procedures involved. It is well-known
that the PPG signal acquired from ﬁnger consists of
information related to heart rate and respiratory rate. This
thread is taken further and effort has been put here to ﬁnd
whether it is possible to extract GM information from ﬁnger
PPG in an easier way and without discomfort to the patients.
Finger PPG and GM (measured using Electrogastrogram,
EGG) signals were acquired simultaneously at the rate of
100 Hz from eight healthy subjects for 30 min duration in
fasting and postprandial states. In this study, we process the
ﬁnger PPG signal and extract a slow wave that is analogous
to actual EGG signal. To this end, we chose two advanced
signal processing approaches: ﬁrst, we perform discrete
wavelet transform (DWT) to separate the different components, since PPG and EGG signals are non-stationary in
nature. Second, in the frequency domain, we perform crossspectral and coherence analysis using autoregressive (AR)
spectral estimation method in order to compare the spectral
details of recorded PPG and EGG signals. In DWT, a lower
frequency oscillation (0.05 Hz) called slow wave was
extracted from PPG signal which looks similar to the slow
wave of GM in both shape and frequency in the range
(0–0.1953) Hz. Comparison of these two slow wave signals
was done by normalized cross-correlation technique. Crosscorrelation values are found to be high (range 0.68–0.82, SD
0.12, R = 1.0 indicates exact agreement, p < 0.05) for all
subjects and there is no signiﬁcant difference in crosscorrelation between fasting and postprandial states. The
coherence analysis results demonstrate that a moderate
coherence (range 0.5–0.7, SD 0.13, p < 0.05) exists between
EGG and PPG signal in the ‘‘slow wave’’ frequency band,
without any signiﬁcant change in the level of coherence in

Keywords—AR spectral estimation, Cross-correlation, Discrete wavelet transform, Electrogastrography, Enteric nervous system, Gastric myoelectric activity, Magnitude
squared coherence, Slow wave.

INTRODUCTION
Photoplethysmography (PPG) is a well-known,
simple and non-invasive technique to monitor physiological parameters in intensive care units and medical
research laboratories.3,13 It measures volumetric
changes in blood vessels that mainly occur in arteries
and arterioles.4,27,48,51 PPG method gained popularity
because it is easy to acquire, and contains numerous
clinical parameters such as heart rate, respiratoryinduced intensity variations (RIIV),29,30,46 and oxygen
saturation levels in blood (called as pulse oximeter).3,58,61 In ﬁnger PPG, an infrared beam traveling
through the ﬁngertip is absorbed by pulsatile arterial
blood, venous blood, and other absorbing tissues such
as skin pigmentation and bone, and the transmitted or
reﬂected beam is detected by a photo detector.3,13,27,31
PPG signal mainly consists of two components, pulsatile component due to the arterial blood (AC component) and the stationary part (DC component) due
to absorbance of venous blood, the ﬁxed quantity of
arterial blood, and other stationary components like
skin pigmentation.27,29,30 PPG signal provides information about the cardiovascular dynamics and also
reﬂects activities of the sympathetic and vagus
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nerves.48 Therefore, PPG analysis seems to be of great
signiﬁcance in a variety of clinical applications, particularly in evaluation of the status of cardiovascular
system. It has been estimated that the PPG signal is
composite in nature and has ﬁve different frequency
components in the interval (0.007–1.5) Hz.35,56 These
frequency components may be related to heart rate,
respiration, blood pressure control, thermoregulation,
central baroreﬂex activity, vasomotoric rhythms,
autonomous nervous system (ANS), and heart-synchronous pulse waveform. The origins of these PPG
signal components are not fully understood because of
the highly complicated nature of the circulatory system, especially in the skin level microcirculation where
regulatory processes are of both central and local
origin.28,32,36,47
Our hypothesis is that since human circulatory
system constitutes many interacting subsystems like
cerebral circulation, pulmonary circulation, splanchnic circulation, etc., rhythm changes in one subsystem
could possibly manifest in the activities of the other
subsystems. Therefore, hemodynamics in any separate subsystem is inﬂuenced by hemodynamic interactions throughout the whole system because it is a
closed-loop system.39 There are experimental evidences that conﬁrms the existence of a functional
relationship between gastrointestinal (GI) system and
cardiovascular function.39,52 Starting from this perspective, the present work investigates the possibility
of extracting GI-system-related information from
ﬁnger PPG signal. A schematic representation of
human circulatory system with major subsystems is
shown in Fig. 1.
Finding the activity of internal visceral organs such
as stomach, kidney by non-invasive PPG is a clinically
challenging task. A quantitative report of abdominal
PPG signals at red and infrared wavelengths have been
investigated invasively and showed that the PPG can
also be used to measure blood volume change in
abdominal organs.37 Intestinal ischemia and GI perfusion pressure was also experimentally measured in
canine model using PPG.5,21 It was also stated that the
peripheral blood ﬂow dynamics changes due to change
in blood supply to the smooth muscles of the stomach
during digestion.20,57 Wavelet analysis of blood ﬂow
signal measured by PPG and laser Doppler ﬂow meter
was studied.35,56 It was shown that the rhythmic
oscillation in the frequency range (0.04–0.1) Hz may be
due to myogenic activity of smooth muscles or neurogenic activity.56 This observation supports our
hypothesis that GM-related information may also be
present in ﬁnger PPG and it can be extracted using
appropriate signal processing techniques.
Human stomach is an enlarged, muscular sac-like
organ of the alimentary canal and the principal organ
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FIGURE 1. Schematic of the human circulatory system
highlighting the connection of gastrointestinal system to the
peripheral circulatory system.

of digestion. Its motor functions include accommodation of ingested food, grinding food chunks, mixing of
secretory gastric juice into food particles, and delivery
of food chyme into the duodenum.6 In order to
accomplish the whole digestive process of the stomach,
from mixing, stirring, agitating, propelling and to
emptying, a spatiotemporal activation pattern is
formed in the gut walls.6,23 This pattern is called gastric myoelectrical activity (GMA) which originates
from the pacemaker located in proximal body of the
stomach and the effect of it results in gastric motility
(GM). It manifests the continuously rhythmic change
in the membrane potential, which propagates to the
distal antrum with a regular frequency of about three
cycles per minute (cpm, 0.05 Hz).15 Normal GM was
deﬁned as a frequency between 2 and 4 cpm. It is
believed that the interstitial cells of Cajal (ICC) of
enteric nervous system (ENS) generate the rhythmic
depolarizations of the gastric slow wave. Additional
depolarizations provided by neurohumoral stimulation
are the triggers for phasic gastric contractions which
follow the spread of the electrical slow waves and are
peristaltic. Thus, gastric electrical slow waves control
the maximal frequency and the direction of contractions in the distal stomach.49 Recording of this GM is
called electrogastrography (EGG) and it can be measured non-invasively by positioning surface electrodes
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over the abdominal skin. EGG measurement shows
with reasonable accuracy a slow wave pattern corresponding to the overall GM function.49,55
The central theme of this article is to investigate the
existence of gastric rhythms in ﬁnger PPG. To explain
this idea, let us use a slightly abstract schematic in the
form of a simple electric analog (Fig. 2). Let the AC
source, oscillating at a frequency of 72 beats per min
(xh), shown in the circuit of Fig. 2, represent the
human heart. Let the gut be described as a timevarying resistor (Rg(t)) which varies at the frequency of
3 cpm (xg) and arterial resistance is denoted as Ra. The
resistor (Rra) denotes the radial artery and current, Ira,
in this branch represents the ﬁnger PPG signal that is
measured.
Note that for this simple resistive circuit, Ira, turns
out to be:
Ira ðtÞ ¼

VðtÞRg ðtÞ
Rra Rg ðtÞ þ Ra ðRra þ Rg ðtÞÞ

ð1Þ

Note that Ira reﬂects oscillations in gut resistance
Rg(t) also. We concede that the above schematic cannot obviously serve as a ‘‘proof’’ of existence of gastric
rhythms in ﬁnger PPG. At its best it only serves to
express the hypothesis of ‘‘the presence of gastric
rhythms in ﬁnger PPG’’ in a concrete fashion.
The relationship between PPG signals and cardiopulmonary system parameters has been found widely
in the literature. However, very few reports have been
examined concerning the relationship between PPG
and EGG signals. The objective of the present study
is to investigate whether it is possible to extract
GM-related information from PPG signal, considering
that the gut may be treated as a time-varying load
located on one of the branches of the cardiovascular
network. The PPG and EGG are non-stationary signals in nature by means of its frequency, magnitude,
and shape of the wave. Any signal processing performed on these signals must therefore be suitable for
non-stationary signals, which rules out many traditional ﬁltering techniques. Discrete wavelet transform

(DWT) is an advanced signal processing method designed for non-stationary signals.2,17,18 It incorporates
the concept of scale into the transform, which gives
better time–frequency resolution: a compressed wavelet is used for analyzing high-frequency details and a
dilated wavelet for detecting lower frequency
underlying trends.16 The DWT method is utilized for
multi-level decomposition of PPG and EGG signals of
eight healthy subjects in fasting and postprandial
states. Cross-correlation is a well-established approach
for comparing signals.34,43,44 It has wide applications
including audio-signal processing and image processing. In the ﬁeld of PPG, cross-correlation method has
been used to assess the similarity of PPG signals
acquired from ears, thumbs, and toes.4 To our
knowledge, cross-correlation has never been used to
compare PPG and EGG signals, with the purpose of
looking for the presence of the latter in the former.
Coherence analysis is another important signal
processing technique, which reveals the correlation
between two signals at speciﬁc frequencies.11 This
analysis has been applied in the past for comparing
heart sounds that are simultaneously recorded from
aortic area, pulmonary area, mitral area, and tricuspid
area.22,24,25 The same method was used to compare
ﬁnger PPG and respiratory signals using autoregressive
(AR) model.41 However, coherence analysis between
raw PPG and EGG signals has not been explored
before. This article examines the presence of GM
information in ﬁnger PPG signal and analyses the level
of coherence between ﬁnger PPG and EGG signals
using magnitude squared coherence (MSC) technique.
The results of this study verify that there exists a corresponding GM component in spectrum of raw PPG
signal acquired from ﬁnger area. The results may
provide an attractive approach to acquire the GM
information from PPG without discomfort to the
patients.

MATERIALS AND METHODS
Subjects

FIGURE 2. An abstract model of the human circulatory system (V heart as the voltage source, Ra arterial tree, Rra radial
artery, Rg(t) gut as the time-varying resistor).

This study was executed with eight healthy nonhabitual smoking and non-sports male subjects without disorders and symptoms of GI, cardiovascular or
any other diseases. The volunteers were recruited from
the student community of our institute. Subjects mean
age was 22.0 ± 2.7 (SD) years in the range of 20 and
28 years and the mean body mass index (BMI) was
22.3 ± 1.7 (SD) (range 19.7–25.3). This study was
approved by our institute ethics committee and all the
subjects were given informed consent before data
recording.
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Data Acquisition and Hardware
We acquired the PPG signal from the left hand index
ﬁnger using a reﬂection type infrared sensor (SS4LA,
Biopac Systems, Inc, USA). Volunteers were informed
to observe silence and to keep relatively still during data
recording time to minimize motion artifacts. EGG
signals are measured by Ag–AgCl electrodes (SS2L,
Biopac Systems, Inc, USA) placed over the abdominal
surface. The skin area in the abdominal surface was
cleaned with sandy skin prepping paste to reduce the
skin resistance and to minimize skin electrode motion
artifacts. Three disposable surface electrodes ﬁlled with
electrode jelly were placed over on the abdominal skin.
Out of three, two active electrodes were placed below
the left costal margin and in between the xyphoid
process and umbilicus. The third one considered as
reference electrode was positioned in the right upper
quadrant. Real time recording unit MP 35 (Biopac
Systems Inc, USA) is used here for data acquisition.
After allowing the subject to rest in a supine position for 15 min in order to maintain a stable heart beat
and respiration, PPG and EGG signals were recorded
in the following manner. Fasting data were recorded
for 30 min in the supine position after 5 h of fasting.
Then the subjects were allowed to take a meal (comprised of limited rice, fruit slices and one cup of water)
in a sitting position and then again assume supine
position. Data were also collected in postprandial
condition immediately after meal for more than
30 min. During data recording procedure, all the
subjects were asked to maintain normal and stable
breathing rate (12–18 cycles per minute = 0.2–0.3 Hz)
and to the extent possible, kept quiet and remain in
the same position. Temperature was regulated at
25 ± 1 C in the data recording room. During acquisition the gain was adjusted to 2000 for ﬁnger PPG
signal and it was 5000 for EGG signal. Both the ﬁnger
PPG and EGG signals were acquired at the sampling
rate of 100 samples per second. After raw data acquisition, the signals are detrended and then processed by
0.01 Hz high-pass ﬁlter in order to remove the baseline
wandering. A second order Butterworth low-pass ﬁlter
with a cutoﬀ frequency of 40 Hz was selected for ﬁnger
PPG and 0.4 Hz was selected for EGG. Major movement artifacts, if any, are found by direct visual
inspection of the waveform. Abnormally large positive
or negative peaks in the tracing were identiﬁed by
direct visual analysis and treated as movement artifact;
the same was removed using a separate program before
applying the signal processing techniques. This program sets threshold amplitude and removes the data
points whenever it crosses the threshold value. For
example, if the signal varies between ±1 V, a threshold
limit is set with ±2 V. If the signal crosses threshold, it

FIGURE 3. Finger PPG and EGG signals recorded in fasting
state.

FIGURE 4. Finger PPG and EGG signals recorded in postprandial state.

will be treated as artifact and the same will be
removed. A portion of the signals recorded from the
same subject during fasting and postprandial states are
shown in Figs. 3 and 4. A dedicated personal computer
(PC) was used for storage, display and analysis of the
acquired ﬁnger PPG and EGG data. All experimental
data presented in this article were expressed as
mean ± standard deviation, and p values <0.05 were
considered to be statistically signiﬁcant.
Discrete Wavelet Transform
The wavelet analysis is expressed in terms of
approximations and details. The approximations are
deﬁned as the high-scale, low-frequency contents and
the details are deﬁned as the low-scale, high-frequency
contents present in the signal. DWT analyzes the signal
at different frequency bands with different resolutions
by decomposing the signal into coarse approximation
and detail coefﬁcients as shown in Fig. 5. These coefﬁcients represent different frequency subbands. All
wavelet transforms can be speciﬁed in terms of a lowpass ﬁlter with impulse response h, which satisﬁes the
standard quadrature mirror ﬁlter condition:
HðzÞHðz1 Þ þ HðzÞHðz1 Þ ¼ 1;

ð2Þ

where H(z) denotes the z-transform of the ﬁlter h. Its
complementary high-pass ﬁlter can be deﬁned as
GðzÞ ¼ zHðz1 Þ

ð3Þ
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FIGURE 5. Discrete wavelet transform multi-level decomposing process.

A sequence of ﬁlters with increasing length (indexed by
i) can be obtained.
 i
ð4Þ
Hiþ1 ðzÞ ¼ H z2 Hi ðzÞ;
 i
Giþ1 ðzÞ ¼ G z2 Hi ðzÞ;

i ¼ 0; . . . I  1

ð5Þ

with the initial condition H0(z) = 1. It is expressed as a
two-scale relation in time domain
hiþ1 ðkÞ ¼ ½h"2i  hi ðkÞ;

ð6Þ

giþ1 ðkÞ ¼ ½g"2i  hi ðkÞ;

ð7Þ

where the subscript [Æ ‹ ]›m indicates the up-sampling by a factor of m, and k is uniformly sampled
discrete time index. DWT employs two sets of functions, called scaling functions and wavelet functions,
which are associated with low-pass and high-pass ﬁlters, respectively. The normalized wavelet and scale
basis functions ui,l(k), wi,l(k) can be deﬁned as
ui;l ðkÞ ¼ 2i=2 hi ðk  2i lÞ;

ð8Þ

wi;l ðkÞ ¼ 2i=2 gi ðk  2i lÞ;

ð9Þ

where factor 2i/2 is an inner product normalization,
and i and l are the scale parameter and the translation
parameter, respectively. The DWT decomposition can
be described as
si ðlÞ ¼ xðkÞ  ui;l ðkÞ;

ð10Þ

di ðlÞ ¼ xðkÞ  wi;l ðkÞ;

ð11Þ

where si(l) and di(l) are the approximation coefﬁcients
and the detail coefﬁcients at resolution i, respectively.16–18
At each level, high-pass ﬁlter produces details
information, d[n], while the low-pass ﬁlter associated
with scaling function produces coarse approximations,
a[n]. At each decomposition level, the half band ﬁlters
produce signals spanning only half the frequency band.
This doubles the frequency resolution as the uncertainty in frequency is reduced by half. In accordance

FIGURE 6. Slow waves reconstructed from eighth level
approximation matrices in fasting state.

with Nyquist’s rule if the original signal has highest
frequency of x, which requires a sampling frequency
of 2x radians/s, then it now has a highest frequency of
x/2 radians/s. It can now be sampled at a frequency of
x radians thus discarding half the samples with no loss
of information. This subsampling by two halves the
time resolution, as the entire signal is now represented
by only half the number of samples. Thus, while subsampling the frequency band of low-pass ﬁlter becomes
half of the previous band which doubles the scale.
With this approach, the time resolution becomes
arbitrarily good at high frequencies, while the frequency resolution becomes arbitrarily good at low
frequencies.33,56
In the present study, signals were decomposed using
Daubechies mother wavelet of order (‘‘db3’’) because
of its suitability for biomedical signals like PPG and
EGG.17,33,56,60 Eighth level approximation coefﬁcients
matrices, which approximately correspond to the frequency range (0–0.1953) Hz are taken for further
analysis.
A signal, called slow wave is reconstructed from
eighth level approximation coefﬁcients matrices of
ﬁnger PPG and EGG signals and are shown in Figs. 6
and 7, respectively. The horizontal axis is the time in
seconds, whereas the vertical axis is the amplitude
expressed in arbitrary units.
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analysis of ﬁnger PPG and EGG signals, we choose the
cross-spectral estimation method, for comparison.
For a two-channel random process consisting of
two data vectors x(n) and y(n), the Hermitian matrix
C(f), associated with the auto- and cross-spectrum of
the signal pair is called the ‘‘coherence matrix’’ and is
used to measure the similarity between the two random
process as a function of frequency


 Gxx ð f Þ Gxy ð f Þ 

;
ð13Þ
Cð f Þ ¼ 
Gyx ð f Þ Gyy ð f Þ 

FIGURE 7. Slow waves reconstructed from eighth level
approximation matrices in postprandial state.

Cross-Correlation Analysis
Cross-correlation between two time series measures
the degree of similarity between the signals.43,50,54 It
provides a quantitative measure of the relatedness of
two signals, usually from different recording sites, as
they are progressively shifted in time with respect to
each other. Consider that the two series xi and yi are
the slow waves of PPG and EGG, respectively, where N
is the number of samples and i = 0,1,2,…,N 2 1. The
normalized cross-correlation function with zero time
lag is calculated as
P
xi yi
R¼ P
ð12Þ
P 1=2
1=2
ð x2i Þ ð y2i Þ
Here, the two series xi and yi are zero mean signals.
Equation (12) calculates the similarity in shape
between two curves as a scalar between 21 and 1, with
1 indicating perfect correlation, 21 indicating perfect
correlation with 180 phase shift and zero indicating
no correlation. Cross-correlation results do not change
while changing the amplitude of the curve only when
there is no change in its shape. In this work, crosscorrelation analysis was done to compare slow waves
of ﬁnger PPG and EGG in fasting and postprandial
conditions.
Autoregressive Model Coherence Analysis
A pair of signals can be compared in time domain
using the cross-correlation and correlation coeﬃcients;
cross-spectrum and coherence function can be used in
the frequency-domain analysis. While the time-domain
analysis provides a measure of similarity as a function
of time lag, the frequency-domain analysis provides a
measure of similarity as a function of frequency.8,11,26
Since our objective here is the frequency-domain

where Gxx(f) and Gyy(f) are the auto-spectrums, Gxy(f)
and Gyx(f) are the cross-spectrums and the expression
Gxy ð f Þ
Uð f Þ ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃpﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Gxx ð f Þ Gyy ð fÞ

ð14Þ

is termed as the ‘‘coherence function’’ which can also
be deﬁned in terms of the MSC and the coherence
phase spectrum:
MSCð f Þ ¼ jUð f Þj2

ð15Þ

hð f Þ ¼ ﬀUð f Þ

ð16Þ

The MSC lies between 0 (if there is no coherence
between the two frequencies) and 1 (if there is a perfect
coherence between the frequencies). Thus, the MSC
may be used to measure the similarity between a pair
of signals as a function of frequency, providing a
suitable tool for the purpose of the current study.25,41
The coherent phase, on the other hand, represents the
phase lag or lead of one channel with respect to the
other channel as a function of frequency. This allows
studying the relationship between ﬁnger PPG and
EGG, particularly when the gut is in a state of
increased motility.
The classical FFT-based methods, such as the
Welch method,34,43 for estimating the coherence function suffer from an inherent bias toward an over-estimation of the MSC function.8,9,11 This problem is
more pronounced if the averaging process involved in
these methods is ignored. For signals of short duration,
such as PPG, it is only possible to have a limited
number of segments for averaging. Therefore, a bias in
the MSC function is inevitable which results in an
overestimation of the degree of coherence between the
two channels. As a result, the classical methods for
multichannel spectral estimation are not capable of
providing an efﬁcient tool for the purpose of this
study. In contrast, multichannel model-based spectral
estimation methods are known to be capable of estimating the coherence function without introducing
bias into the resultant MSC function.11,34,43,59
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The multichannel AR process of order p is deﬁned
as the vector recursion
XðnÞ ¼ 

p
X

AðkÞXðn  kÞ þ uðkÞ;

been given to the possibility of extracting GM data
from ﬁnger PPG. In the present study, we used DWT
for feature extraction because of its high-frequency
resolution at low-frequency ranges (high scales). The
DWT coeﬃcients from the eighth approximation level,
which corresponds to the frequency of approximately
(0–0.1953) Hz, were extracted from both ﬁnger PPG
and EGG separately and cross-correlation analysis was
performed. A ﬁltered EGG slow wave was reconstructed from DWT coeﬃcients matrices of eighth
approximation level because most of the artifacts are
removed by the high-pass ﬁlters (details). In ﬁnger
PPG DWT decomposition, the expected high-frequency components such as heart rate (1 Hz) and
respiratory rate (0.3 Hz) information were also
removed using high-pass ﬁlters (details) and the slow
wave was taken for analysis which are shown in Fig. 6
for fasting state and Fig. 7 for postprandial state for
the same subject. The difference in amplitudes of slow
waves of ﬁnger PPG and EGG arises from the difference in the original signal strengths (volts for ﬁnger
PPG and microvolts for EGG) at the time of acquisition. Though only the results from one subject are
displayed in this article, similar results are derived
from other subjects. The frequency of slow waves
reconstructed from DWT coefﬁcients of EGG and
ﬁnger PPG are shown in Table 1 for both fasting state
and postprandial states. Here, the 30 min data was
split into three 10 min long segments, and the three
dominant frequencies were calculated for these segments for all the subjects. This is to ensure that the
dominant signal frequency does not change appreciably during the 30 min recording time. Average values
of mean power were calculated from eighth level DWT
coefﬁcients of EGG and ﬁnger PPG slow waves for the
30 min data. Student’s t test was performed to compare the mean power of the wavelet coefﬁcients in
two different states; power in postprandial state is
higher than that in fasting state in statistical terms

ð17Þ

k¼1

where X(n) denote the vector of samples from multichannel AR process at sample index n, A(k) is the AR
parameter matrix (for each order), and u(k) represents
the input driving noise process. After estimating the
AR parameters, two-channel coherence matrix is calculated by multiplying the squared magnitude of the
transfer function of the two-channel ﬁlter24 and the
covariance matrix of the input noise, and then scaling
the result with the sampling interval, T
PAR ð f Þ ¼ T½Að f Þ1 Pc ½Að f ÞH

ð18Þ

in which
Að f Þ ¼ I þ

p
X

AðkÞej2pfkT ;

ð19Þ

k¼1

where H denotes the Hermitian transpose of the
inverse, Pc is the covariance matrix of the input noise
process, and I denotes the identity matrix. The twochannel AR parameters and the covariance matrix of
the input driving noise are estimated by the VieiraMorf algorithm through the minimization of the geometric mean of the forward and backward prediction
errors.25 All these signal processing techniques were
done in MATLAB 7.0 release 14.1 (The MathWorks
co. MATLAB version 7.2).

RESULTS AND DISCUSSION
There have been many experimental studies on PPG
low-frequency oscillations and extracting information
about cardiopulmonary parameters with various
degrees of accuracy. However, very little attention has

TABLE 1. Comparison of slow wave frequencies of EGG and PPG calculated from DWT eighth level
decomposition level in fasting and postprandial state.
EGG slow waves signal frequency in
eighth DWT decomposition level (Hz)
Subject number
1
2
3
4
5
6
7
8

Fasting state
0.051
0.052
0.049
0.052
0.049
0.051
0.051
0.052

±
±
±
±
±
±
±
±

0.002
0.004
0.003
0.004
0.003
0.001
0.003
0.005

Postprandial state
0.052
0.055
0.051
0.053
0.051
0.052
0.052
0.055

Values are expressed in mean ± standard deviation.

±
±
±
±
±
±
±
±

0.003
0.002
0.005
0.005
0.004
0.001
0.005
0.003

PPG slow waves signal frequency in
eighth DWT decomposition level (Hz)
Fasting state
0.049
0.049
0.057
0.052
0.051
0.049
0.049
0.056

±
±
±
±
±
±
±
±

0.002
0.003
0.006
0.003
0.004
0.005
0.003
0.004

Postprandial state
0.051
0.052
0.055
0.053
0.055
0.051
0.051
0.060

±
±
±
±
±
±
±
±

0.001
0.002
0.004
0.002
0.005
0.003
0.005
0.003
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TABLE 2. Comparison of average mean power of EGG and PPG slow waves calculated from DWT eighth
level decomposition level in fasting and postprandial state.
EGG slow waves mean power of eighth
decomposition level DWT coefficients
(mV2/Hz)

PPG slow waves mean power of eighth
decomposition level DWT coefficients
(mV2/Hz)

Subject number

Fasting state

Fasting state

1
2
3
4
5
6
7
8

29.32
32.41
45.21
29.24
32.23
27.51
29.12
35.62

±
±
±
±
±
±
±
±

2.51
2.32
2.65
2.82
2.32
2.23
3.85
4.32

Postprandial state
58.26
59.42
83.81
58.21
62.14
62.12
64.18
65.78

±
±
±
±
±
±
±
±

5.34
6.56
8.24
3.48
3.48
2.82
6.32
7.23

310.21
320.38
410.21
385.25
330.36
310.20
374.24
366.54

±
±
±
±
±
±
±
±

17.21
16.22
17.64
14.33
21.32
21.32
19.48
25.52

Postprandial state
520.62
525.42
740.17
640.22
565.26
526.32
556.53
605.26

±
±
±
±
±
±
±
±

25.42
23.64
28.23
24.52
32.62
24.24
27.52
28.42

Values are expressed in mean ± standard deviation.

(p values <0.05). Average mean power values of all the
subjects from ﬁnger PPG and EGG slow waves are
shown in Table 2.
Though some studies regard PPG signal variability
as a manifestation of ANS activity in general,48 the
inﬂuence of ENS, which is considered as a part of
ANS, on ﬁnger PPG is not well explored. GMA
amplitude is higher in the postprandial state and was
observed as increase in EGG signal mean power
(square of the amplitude per Hz), which is well-established and proved.49 The increase in EGG slow wave
power from fasting to postprandial state was found in
all the subjects (see Table 2) with a correlation of
0.91(p < 0.05). This may be due to the increase in
splanchnic blood supply20 to the gastric muscle for
strong muscle contraction during digestion and
absorption of nutrients57 and decrease in blood supply
to the extremities which is observed as increase in
power of ﬁnger PPG slow waves (see Table 2). The
change in frequency and power of the ﬁnger PPG slow
wave signals are proportional to the EGG frequency
and power. Also the increase in ﬁnger PPG slow wave
power from fasting to postprandial state was found in
all the subjects with a correlation of 0.89(p < 0.05).
The rhythm corresponding to these large blood volume
changes in the gut, seems to manifest itself in the ﬁnger
PPG. Because the human cardiovascular system is a
closed-loop system, hemodynamics in any separate
segment(gut) is determined by hemodynamic interactions throughout the whole system.39 In this preliminary work, it is revealed that there is a signiﬁcant
correlation between ﬁnger PPG and EGG (Slow
waves) in healthy humans.
Cross-correlation analysis performed between slow
waves of EGG and ﬁnger PPG yielded promising
results with R-value >0.7 (95% conﬁdence level) for
most of the subjects (see Table 3). This indicated that
the slow wave patterns of ﬁnger PPG and EGG for an

TABLE 3. Comparison of cross-correlation results (R-values)
of slow waves of EGG and PPG after DWT.
Normalized cross-correlation (R) values
Subject
number
1
2
3
4
5
6
7
8

R-value in fasting state
0.75
0.72
0.72
0.81
0.72
0.68
0.73
0.73

±
±
±
±
±
±
±
±

0.02
0.06
0.16
0.08
0.03
0.08
0.05
0.06

R-value in postprandial state
0.77
0.74
0.73
0.82
0.73
0.69
0.75
0.76

±
±
±
±
±
±
±
±

0.05
0.09
0.11
0.03
0.11
0.13
0.15
0.02

Values are expressed in mean ± standard deviation.

individual subject are consistent in different conditions
(fasting/postprandial). This also suggests that ﬁnger
PPG signal may have information about GMA
because of physiological nature of the system and
needs to be conﬁrmed by further research. DWT
should therefore be a useful method for extracting
GMA for a given subject in different gastric-related
conditions, such as fasting and postprandial states.
While this method provides a new and alternative
method for the extraction of GMA, it should be noted
that the accuracy of this method is associated with the
ﬁnger PPG recording and selection of the mother
wavelet.7,10 Therefore, during the recording, every
effort should be made to assure the highest possible
signal-to-noise ratio, appropriate placement of ﬁnger
PPG sensor, minimization or elimination of motion
artifacts and constant environmental conditions.
Coherence between the recorded ﬁnger PPG and
EGG signals under fasting/postprandial conditions
from all the subjects was also analyzed to evaluate
their relationships in frequency domain. In ﬁnger PPG
signal, it is expected to have mostly three predominant
frequencies. They are due to the cardiac frequency,
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FIGURE 8. Coherence analysis in fasting state (a) PSD of finger PPG signal, (b) PSD of EGG signal, (c) MSC, and (d) coherence
phase.

breathing frequency and another due to the lower
frequency that is often present in the recorded signal.
Using this as a priori knowledge of the signal, a model
order of 50 was considered here based on literature.1,43,50 Since AR model is a stable and all-pole ﬁlter, the magnitude of the poles lie inside the unit
circle.42,53 The existence of coherent peak can be
determined by checking whether the corresponding
pole inside the unit circle is prominent or not. The
prominence of a pole inside the unit circle is determined by its magnitude. The pole with maximum
magnitude inside the unit circle is considered as the
prominent pole.12,19,38 Figures 8c and 8d show the
coherence analysis results of the subject in the fasting
state. As seen in Fig. 8c, MSC is >0.5 near 0.05 Hz
(the GMA frequency). Also, the coherence phase is
smaller than zero (Fig. 8d), which means that the
GMA-induced changes in ﬁnger PPG signal lags the
EGG signal. It can also be noted that there is a corresponding lower frequency component near the EGG
frequency in the PSD of ﬁnger PPG signal, as depicted
in Fig. 8a. The results in the postprandial condition for
the same subject are demonstrated in Fig. 9. The MSC
depicts that coherence level slightly increases between
EGG and ﬁnger PPG signal (Fig. 9c) in the postprandial state, but without change in time delay
induced by GMA, as shown in Fig. 9d. This increase in
MSC may be due to higher rhythmic waves of EGG
which means very strong rhythmic gastric muscle
contraction in the postprandial state.14 The MSC

values are in between 0.5 and 0.7, which shows that
there exists a moderate coherence between EGG and
ﬁnger PPG signals around the frequency of interest. If
the Fourier-based techniques were applied in the
analysis, the GMA-related component will not be as
obvious as depicted in this research.16,33,40,45 Though
only the results from one subject are depicted in this
article, similar results are derived for almost all subjects. Coherence analysis between raw ﬁnger PPG and
respiratory movement showed that the level of coherence was more than 0.9.41 However, in our study the
observed level of coherence between ﬁnger PPG and
EGG was between 0.5 and 0.7. The main reason for
this moderate coherence may be due to the nature of
interaction between the two subsystems; heart rhythm,
the source of PPG and respiratory rates are more
interrelated than GM with heart rhythm and also
rhythms from baroreﬂex and vasomotor sources
overlaps with the 0.05 Hz frequency range. It may be
possible to acquire the GMA information from ﬁnger
PPG signal by single-channel AR method with the
consideration of poles in a physiologically plausible
GMA frequency range.12,19

CONCLUSION
Feature extraction of clinically important parameters from PPG is gaining popularity because of its
low cost, non-invasiveness, and ease of acquisition.
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FIGURE 9. Coherence analysis in postprandial state (a) PSD of finger PPG signal, (b) PSD of EGG signal, (c) MSC, and
(d) coherence phase.

Estimation of GMA from EGG is diﬃcult because of
its poor signal-to-noise ratio and discomfort to the
patients. In this study, two advanced signal processing
techniques have been used to extract GMA-related
information from ﬁnger PPG signal. Using DWT a
slow wave is extracted from ﬁnger PPG by decomposing the signal into details and approximation
coeﬃcients. The use of DWT with cross-correlation
analysis allowed a closer investigation of the lower
frequency oscillations of PPG and its intermittent
behavior during fasting and postprandial conditions.
This study indicates that there is a good correlation
(0.68 and 0.82) between the slow waves of ﬁnger PPG
with EGG. While these correlation results are
encouraging it must be remembered that correlation
(particularly at the levels shown in this work) at the
best suggests causation and cannot prove the same.
More experimental evidence is required to safely infer
causation, which is the objective of our future work.
Using bivariate AR spectral estimation method,
coherence analysis was performed between the EGG
signal and ﬁnger PPG signal under fasting/postprandial conditions. The Vieira-Morf method was used for
the computation of bivariate AR parameters. The
results show that EGG and ﬁnger PPG are coherent at
the GMA frequency (0.05 Hz) and level of coherence
was between 0.5 and 0.7. In addition, the response

delay in ﬁnger PPG induced by GMA is also implied in
the negative coherence phase (see Figs. 8d and 9d). It
has been shown that the level of coherence is sensitive
to the GMA in this research.
The peripheral blood volume signal, measured by
ﬁnger PPG, reﬂects the dynamics of the entire cardiovascular system. The measured volume is modulated by the heart and respiratory functions as well as
by local mechanisms of resistance control. This study
is limited to a small group of healthy volunteers and
needs to be extended to larger groups and also
include disease states. Results of this study primarily
indicate a development of ﬁnger PPG technology in
investigating the GI system. Extending this methodology to gastric pathology cases like stomach ulcer
may provide further corroborative insights on ﬁnger
PPG usage in the clinic, which can be undertaken as a
future work.
In conclusion, obtaining GMA information in PPG
signal might oﬀer new insights into clinical diagnosis.
The ﬁndings of this research show that the proposed
method can detect GMA components among the lower
frequencies of the ﬁnger PPG signal. Our future eﬀorts
will be directed toward actually reconstructing EGG
from PPG. If this attempt results in success, we will
have an elegant non-invasive clinical tool for monitoring gastric electrical activity in health and disease.
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