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Abstract: In this paper, a prototype photoplethysmography (PPG) electronic device is presented for
the distinction of individuals with congestive heart failure (CHF) from the healthy (H) by applying
the concept of Natural Time Analysis (NTA). Data were collected simultaneously with a conventional
three-electrode electrocardiography (ECG) system and our prototype PPG electronic device from
H and CHF volunteers at the 2nd Department of Cardiology, Medical School of Ioannina, Greece.
Statistical analysis of the results show a clear separation of CHF from H subjects by means of NTA for
both the conventional ECG system and our PPG prototype system, with a clearly better distinction
for the second one which additionally inherits the advantages of a low-cost portable device.

Keywords: Natural Time; algorithm; electrocardiography; photoplethysmography; non-invasive
electronic device; sensors; Pan-Tomkins algorithm; signal processing

1. Introduction

In recent decades, the technological revolution has helped the medical science in the prognosis,
diagnosis, and monitoring of patients. In cardiology there has been significant progress in recording the
Heart Rate Variability (HRV) which is directly related to major pathological heart conditions. Beyond
the standard electrocardiogram (ECG) characterized by a sequence of P, QRS, and T waves, in recent
years, a technique termed photoelectric plethysmography, also known as photoplethysmography
(PPG), has simplified the recording of heart rate in an easy and reliable way [1,2]. From 1980 the PPG
method has been used as pulse oximeter for monitoring a person’s oxygen saturation into clinical
care. Nowadays the PPG technology is included in many modern affordable devices such as smart
phones, smart watches, tablets, bracelets, rings, etc. It is a simple technique with low cost and
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gives us health-related information such as HRV, blood oxygen saturation (SpO2), blood pressure,
and respiratory rate [3,4].

Cardiac function is based on an electrical circuit that controls heart rate and synchronizes the
operation of ventricles and atria, thereby sending effectively blood to all vital organs. The reduced
ability of the heart to pump and/or fill with blood could lead to Heart Failure (HF) [5], also known as
congestive heart failure (CHF). HF is a complicated syndrome affecting 1%–2% of the population in the
developed world and at least 26 million people worldwide and is increasing in prevalence especially
in the elderly populations [6,7]. HF is a clinical syndrome that is related to the presence of symptoms
of increased fatigue and reduced functional capacity but may also lead to sudden cardiac death due
to cardiac arrhythmias. Currently, the diagnosis of HF is based on clinical, echocardiographic, and
biochemical markers that are evident late in the progress of HF syndrome [8]. Cardiac dysfunction
associated with the presence of HF is often related to electrical cardiac abnormalities.

Several studies have attempted to find differences of the autonomic nervous cardiac system that
controls the electrical cardiac function between patients with HF and healthy (H) subjects using a
variety of algorithms of pattern recognition primary based on long term data [9]. Computer aided
detection methods for automatic HF diagnosis using ECG signals have been reported in literature [10].
Although these methods still harbor several limitations there is evidence for increased benefit in
using nonlinear features for the automated diagnosis of HF with ECG signals [10]. However, since
physiological time series may be due to a mixed process, stochastic, and deterministic, the use of fractal
dimensions in physiological time series has been occasionally criticized (see [11] and references therein;
see also [12]).

The Natural Time Analysis (NTA) has been applied to complex dynamical systems in various
scientific fields, such as Geosciences [13–16], Seismology [13,16,17], Physics [14,18,19], Biology [13,14],
and Medicine [13,20–24] including applications to ECG focused on the distinction of H from Sudden
Cardiac Death (SCD) individuals [20,21,23] as well as from HF individuals [20,21,24]. This distinction
is based on the entropy S defined in NTA which is a dynamic entropy depending on the sequential
order of pulses and fundamentally different [20,23] than other entropies reviewed in [10]. NTA plays
an important role in identifying when a complex system approaches a phase change (dynamic phase
transition, in which a critical point is defined). We clarify that this concept of entropy is equally
applicable to deterministic as well as stochastic processes. This is the first work that employs NTA in
the complex dynamical system of the heart by using data obtained by a low-cost portable accurate
PPG electronic device as well as by ECG and compares the results. Furthermore, from the results it
is evident that a clear distinction of H from HF individuals may be achieved through a small time
window. This method may aid, even when ECG are not available, in the diagnosis of HF syndrome
and the identification of HF patients at higher risk for SCD by means of portable PPG data.

2. Materials and Methods

2.1. Conventional ECG System

The first system was a portable wearable electrocardiograph with commercial name BioRadio from
the Great Lakes NeuroTechnologies Company. This ECG has programmable channels for recording
and transmitting combinations of human physiological signals, providing a standardized method
of wireless and mobile ECG measurement. As shown in Figure 1, the ECG is connected through
three high performance foam snap electrodes which contacts on the individual’s skin and enables
reliable connections with lead wires. The ECG system digitized the signal at 4000 samples per second,
with 16 bit resolution, and transferred the data via Bluetooth connection to a laptop.
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Figure 1. The conventional electrocardiogram (ECG) system.

2.2. Prototype PPG System

The second system comprises from a low-cost portable accurate PPG electronic device which
measures the heart rate from the individual’s finger and a host (PC, laptop, etc.) where signal
processing and NTA were performed offline. This device was designed and assembled in
Electronics-Telecommunications and Applications Laboratory of the Physics Department, University
of Ioannina, Greece while the accuracy of the initial device, in terms of heart rate measurements, has
been confirmed in [11] (where comparison of the RR intervals in ECG and oximeter signals has been
made). Figure 2 shows the connection between PPG and a laptop while the prototype electronic device
is shown in Figure 3. The PPG device is comprised of two parts. The first one includes a finger heart
rate monitor sensor based on the MAX30100 module from Maxim Integrated Company which is using
the PPG technique. It combines two LEDs (Light Emitting Diodes), one emitting red light, and another
emitting infrared light. We used the infrared light since we found better PPG signal instead of the red
light. Furthermore, it has a photodetector, optimized optics, and low noise analog signal processing to
detect heart rate signals. Although the sampling rate is up to 1000 samples per second, after testing
different sampling rates, we set it to 400 samples per second having high measurement accuracy
with smaller data storage files and faster processing speed. Furthermore, the MAX30100 includes a
proprietary discrete time filter to reject 50 Hz interference and low-frequency residual ambient noise.
The second part includes the ATMEL ATmega8L, a low-power CMOS 8-bit microcontroller based on
the AVR RISC architecture. It was programmed to collect the raw data from the sensor module and
transfer them to the laptop via Bluetooth communication.
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Figure 3. Prototype photoplethysmography electronic device.

2.3. Signal Processing

QRS complex is the most prominent ECG wave for signal analysis and the accurate detection of
its R peak is essential for the ECG analysis algorithms [25]. Figure 4 illustrates an ECG signal from a
healthy individual’s body which was taken from the conventional system.
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Figure 4. Captured ECG signal (healthy male, 34 years old).

The idea of PPG technique is simple and requires a light source, especially Infrared Light Emitting
Diode (IR-LED) or a red LED, which illuminates the tissue such as finger, earlobe, and forehead [26]. A
photodetector measures the intensity variations of reflected or transmitted light from the blood volume
variation in the tissue [27]. Figure 5 illustrates a typical PPG signal that was captured from PPG sensor
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that was placed on the index finger of a healthy 34 year old male. It has a triangular shape with two
peaks and for our convenience the upper peak was labeled as P peak-pulse.
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Before analyzing the time series of RR and PP intervals with NTA, we needed to determine the R
peaks from the ECG signal and the P peaks from the PPG signal. For the case of the ECG signal, we used
the Pan-Tomkins algorithm which is a well-known technique for detection of the QRS complex [28,29].

The PPG signal is simpler as mentioned above with an upward and a downward peak. Hence,
the upper P peak detection algorithm contains fewer steps.

Figure 6 shows the block diagram of the PPG technique. The algorithm for the detection of the P
peaks includes the following steps: first, we applied a moving average window for smoothing the
signal. The data were smoothed using a moving average filter. The filter had 40 points corresponding
to time length of 0.1 s, as the sampling rate was 400 sps. As the volunteers were in resting stage,
without e.g., muscle movements, the PPG signal-to-noise ratio was high, and the algorithm used only
a smoothing code to eliminate the extra noise spikes. Next, we applied a code searching for local
maxima, i.e., finding a peak inside a small frame of time, usually 0.5 s, in which we expected only one
P peak. After testing different sampling rates, we concluded that we had the best accuracy speed at
400 samples per second.
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Using the above procedure, we obtained the time series for R and P peaks. The time series of R-R
and the P-P intervals were calculated by subtracting time values of successive peak occurrences.



Electronics 2019, 8, 1288 6 of 19

2.4. Natural Time Analysis

Natural Time analysis, introduced by Varotsos, Sarlis, and Skordas in 2001 [13], identifies when a
dynamical complex system, like the human heart, approaches a phase change (critical point), like SCD,
and it can provide information about the moment that this event will occur. The NTA analyzes the series
of sequential events each of which is a pair (χk, Qk) (see below), where χk corresponds to the order of
the event and Qk to the energy. In the case of ECG the energy of the events is approximately quantified
by the distances, e.g., RR of the ECG. NTA provides information by studying the events without caring
about the conventional time that they occurred but by keeping their order of occurrence [13,21].

Figure 7 illustrates an example of converting a conventional ECG signal to NTA. The quantity
Qm is quantified to a first approximation by the distance between two consecutive R peaks in the
conventional time (Figure 7a). The reading in NTA is indicated in Figure 7b where the length of each
RR distance corresponds to the energy of the event on the vertical axis, while on the horizontal axis the
events are placed equidistant in the same sequence that they appeared (see Chapter 2 of [13]). Thus,
the three distances Qm, Qm+1, and Qm+2 correspond to three events with their respective energy. In the
conventional time the ECG reading upon time reversal is plotted in Figure 7c. By the same procedure,
we converted it to NTA upon time reversal in Figure 7d. In other words, the last event becomes first,
the penultimate second, and so on [13].
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Figure 7. (a) ECG in which the RR distances are marked; (b) the same ECG plotted in (a) but read in
Natural Time Analysis (NTA); (c) ECG at conventional time upon time reversal; (d) ECG upon time
reversal in NTA.

At this point we will give the definition of natural time which is symbolized as χ by the Greek
word “χρóνoς”. If we consider a set of events consisting of N events (heartbeats) then the natural time
is defined as χk = k/N where the k index defines the k-th event from the total N events. An additional
fact studied is the quantity Qk which defines the energy of the k-th event and in the case of ECG is
approximately quantified by the distance of the two consecutive R peaks [13,23] as already mentioned.

According to the above, we define the measure

pk =
Qk∑N

n=1 Qn
, (1)

which expresses the percentage of energy emitted in the k-event in relation to the total energy. Obviously,
the sum of all the ratios of the energies will be equal to the unit, namely

N∑
k=1

pk = 1. (2)
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The entropy is defined in NTA by the relation

S =
N∑

k=1

k
N

ln
( k

N

)
pk −

 N∑
k=1

k
N

pk

 ln

 N∑
k=1

k
N

pk

, (3)

or equivalently as:
S ≡ 〈χ lnχ〉 − 〈χ〉 ln〈χ〉. (4)

The symbol

〈f(χ)〉 ≡
N∑

k=1

f(χk)pk (5)

indicates the average value with respect to the measure pk. In essence, NTA studies the evolution
of the couples (χk, Qk) or (χk, pk). NTA considers also the time inversion of the sequences of the RR
and PP time series, which means that, the last becomes first, the penultimate second, and so forth, as
already mentioned above. This is done with the time inversion operator T̂, so for the quantities Qk and
pk we have

T̂Qk = QN−k+1 and (6)

T̂pk = pN−k+1, (7)

respectively.
We define the entropy under time reversal as:

S− ≡ 〈χ lnχ〉T − 〈χ〉Tln〈χ〉T =
N∑

k=1

k
N

ln
( k

N

)
pN−k+1 −

 N∑
k=1

k
N

pN−k+1

 ln

 N∑
k=1

k
N

pN−k+1

. (8)

The entropy change
∆S ≡ S− S_ (9)

gives us useful information in the study of complex systems that operate far away from the equilibrium
state, as is the case of the heart [30] and enables the distinction of healthy individuals from those who
suffer from heart disease [24,31].We clarify that living systems are examples of systems operating
far from equilibrium which could be understood as follows (e.g., see [32,33] and references therein):
living systems are subject to mass, energy, entropy, and information fluxes across their boundaries.
Time irreversibility, which is fundamental property of far from equilibrium systems, is related to the
unidirectionality of the energy flow across the boundaries of the system. In contrast, processes under
equilibrium conditions are time reversible, and hence states approaching death are expected to be
more time reversible than those representing far from equilibrium healthy physiology (cf. death is a
state of maximum equilibrium since there are no driving forces or consumption of energy). On such a
basis in [13] the SCD was considered as phase change (dynamic phase transition), which inspired that
NTA could be applied to the distinction between H and SCD.

To distinguish similar-looking electrical signals that are “emitted” from dynamical systems that
are far from their equilibrium state, the NTA uses complexity measures. Some of them employ the
standard deviation δS which is computed in a discrete window consisting of a number of pulse-events
e.g., three pulses, sliding by one event-pulse each time on the ECG. It has been proven that the study of
the standard deviation δS of the entropy at a moving window of fixed number of events can distinguish
healthy humans from individuals who suffered from cardiac diseases (for a review see Chapter 9
of [13]).
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Now we define the complexity measures associated with the ratio of the standard deviation σ of
the entropy change ∆S. For short scales, e.g., seven R or P pulses, the complexity measure is equal to

Λ7(τ) =
σ[∆S7(τ)]

σ[∆S3(τ)]
, (10)

where the subscript denotes the number of pulses considered into the calculation and the symbol τ
corresponds to the RR, or PP pulses intervals. For large scales, e.g., 49 R or P pulses is equal to

Λ49(τ) =
σ[∆S49(τ)]

σ[∆S3(τ)]
. (11)

The selection of scales here was made on the basis that when analyzing intervals of long-duration
ECG recordings, the combination of σ[∆S7] with Λ7 and Λ49 enables the ternary distinction in healthy,
SCD and congestive heart failure (CHF) individuals [20,24,31]. To shed more light on the selected
number of RR intervals (3, 7, and 49 intervals) involved in the definition of the aforementioned
complexity measures, we considered (see [21] and references therein) that physiologically, the origin of
the complex dynamics of heart rate has been attributed to antagonistic activity of the two branches of the
autonomic nervous system (i.e., the parasympathetic and the sympathetic nervous systems, decreasing
and increasing heart rate [34–37], respectively) and that a variety of research has established [38]
two clear frequency bands in heart rate and blood pressure with autonomic involvement: (i) a high
frequency band, which lies in [39,40] the range 0.15–0.40 Hz and is [35] “indicative of the presence
of respiratory modulation of the heart rate” or reflects [40] “modulation of vagal activity, primarily
by breathing” and (ii) a low frequency (LF) band from 0.04 to 0.15 Hz (i.e., at around 0.1 Hz), which
is usually described as corresponding to [39] “the process of slow regulation of blood pressure and
heart rate” or that [40] “it reflects modulation of sympathetic or parasympathetic activity by baroflex
mechanisms” due to [35] “the emergence of a limit cycle caused by the vascular sympathetic delay”
its exact explanation, however, is debated [41]. Moreover, the existence of a very low-frequency
band (VLF) in the region 0.003 to 0.04 Hz has been identified [42]. The aforementioned scale of three
heartbeats corresponds to the high frequency band whereas the scales of 7 and 49 heartbeats lie near
to the transition from the high frequency to the LF band and from the LF band to the VLF band,
respectively. In particular, in [21] the authors found that the entropy change ∆S3 under time reversal,
at the scale of three heartbeats (high frequency band), identifies the SCD risk and distinguishes SCD
from truly healthy individuals as well as from CHF. Later, in [24] an optimum discrimination between
H, CHF, and SCD was achieved by using the scales 3, 7, and 49 heartbeats, which may be considered
as extending the results obtained in [21] for the importance of the high frequency and LF band in
distinguishing SCD from H by strengthening also the spectral part of the transition region from LF
to VLF.

2.5. Clinical Study Protocol—Data Collection

The collection of conventional ECG and PPG recordings was done in the setting of 2nd Department
of Cardiology, University Hospital of Ioannina, Ioannina, Greece. This was a prospective study including
both chronic HF patients and healthy subjects that was performed during a period of 2 months
February–March 2017. Patients with HF who were hospitalized in the department and consented to
participate were included in the analysis. The diagnosis of HF was based on currently established
criteria proposed by the European Society of Cardiology in most recent published Guidelines [8].
Exclusion criteria were the presence of acute illness other than HF that could determine the short-term
prognosis of the patients and the presence of a permanent pacemaker or other implantable cardiac
rhythm device that determined the patients’ heart rate/rhythm; patients with cardiac rhythm devices
not entirely dependent were included in the analysis. All patients that participated in the study
signed an informed consent form based on a clinical protocol approved by local ethics committee.
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Over 100 eligible patients hospitalized with HF were screened and finally 67 patients with HF were
enrolled in the current study; patients were not enrolled either due to the presence of permanent
cardiac pacing (the majority of excluded cases) or the denial to consent for participation (a small
minority). Healthy participants were selected among the medical and nurse staff of the cardiology
department. The measurements took place on the bed of the patients who were lying quiet for 20 min
in the supine position. The ECG leads were obtained using three transdermal patches (the same
patches were applied to all patients during the study) placed over a bone formation: two on the upper
right and left thorax and one over the lower ribs. At the same time the PPG signals were recorded
using the relevant device applied usually to the right index figure. For all patients, data regarding
personal medical history, current medications, and recent biochemical/metabolic profile were recorded.
The measurements of healthy subjects were performed in a quiet room with the same methodology as
described above for HF patients.

2.6. Receiver Operating Characteristics (ROC) Method

A Receiver Operating Characteristics (ROC) diagram depicts the hit rate (or True positive rate)
versus false alarm rate (or False positive rate) thus showing the trade-off between hits and false
alarms [43]: the hit rate (h) is the ratio of the True Positives (TP) over the totality of Positive (P) cases,
h = TP/P, while false alarm rate (f) is the ratio of False Positives (FP) over the totality of Negative cases
Q, f = FP/Q. Since h and f are in general independent, ROC diagrams can provide information for
the quality of a selection scheme. The statistical significance of such a scheme depends on the Area
Under the Curve (AUC) obtained when we vary the selection threshold. Recently, a method has been
proposed [44] that can estimate the AUC—and hence the statistical significance—corresponding to an
operating point of the ROC based on confidence ellipses.

2.7. Support Vector Machines (SVM)

Support Vector Machines (SVM) [45–50] is a learning machine that can be used for two-group
classification even for non-separable data which also avoids computing posterior probabilities.

Here, we used the computer code SMVlight [47,51] using a (Gaussian) radial basis function K(
→
a ,
→

b) =

exp
(
−γ|
→
a −

→

b |
2)

, e.g., see Equation (5.35) on page 145 of [48], for the construction of the decision function

f
(
→
x
)
= sign

 l∑
k=1

[
ykαkK

(
→
xk,
→
x
)]
− b

, (12)

e.g., see Equation (5.25) on page 141 of [48]. SVM provide optimally [45,46,48] the number l of the
support vectors

→
xk, the weights ykαk, and the bias b.

3. Results

Our database contains simultaneous ECG and PPG recordings from 32 records from H individuals
(nine women and 23 men), aged 24 to 58, and 67 records from patients (22 women and 45 men), aged
55 to 87. Other parameters recorded from patients include the following: age, gender, weight, smoking,
arterial hypertension, diabetes mellitus, hyperlipidemia, coronary artery disease, atrial fibrillation,
heart failure, syncope, Implantable Cardiac Defibrillator (ICD), pacemaker implantation, family history
of sudden cardiac death. Furthermore, a series of these records include laboratory blood testing results
as well as the medication history. After data acquisition from both ECG and PPG systems and the
completion of the signal processing, including calculation of RR and PP time series, we applied NTA
for finding the complexity measures Λ7 and Λ49 for each individual.

It has been demonstrated that the PPG signal can replace the ECG recordings for the extraction of
HRV indices, especially in monitoring healthy individuals at rest [52,53]. For proving the similarity



Electronics 2019, 8, 1288 10 of 19

between ECG and PPG signals, we took the RR and PP intervals from our recorders for a randomly
chosen healthy subject, and applied the transparent histogram, as shown in Figure 8. The recording
time was 20 min and the number of samples was 1117 for each case. As shown in Figure 8, both signals
result in histograms that are close. The mean value for ECG was 1.073 s and 1.073 s for PPG while the
standard deviation for ECG was 0.033 s and 0.036 s for PPG.
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We performed t-test analyses (one sample, paired samples t-test and independent samples
t-test). Specifically, for the one-sample test (Table 1) the p-value for each group was found below 0.05
(Sig. (two-tailed) = 0.000). This type of t-test compares each groups’ mean value with a predefined
mean value which was selected to be the typical value of zero in both cases. The paired samples
t-test (Table 2) confirmed that the correlation of their mean values is high with a p-value of less than
0.05 (Sig. = 0.000). Finally, the independent samples t-test, see Table 3, pointed to the validity of
high correlation between the mean values. In particular, we found that the mean values are strongly
correlated with each other since the p-value was >0.05 (Sig. = 0.975) which evidently does not reject
the null hypothesis (no significant difference between compared groups).

Table 1. One-sample test.

t df Sig.
(Two-Tailed)

Mean
Difference

95% Confidence Interval of
the Difference

Lower Upper

ECG (RR) 1077.070 1116 0.000 1.07295859 1.0710040 1.0749132
PPG (PP) 991.153 1116 0.000 1.0729118 1.070788 1.075036
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Table 2. Paired samples correlations.

N Correlation Sig.

ECG (RR) and PPG (PP) 1117 0.825 0.000

Table 3. Independent samples test.

F Sig. t df Sig.
(Two-Tailed)

Mean
Difference

Std. Error
Difference

Levene’s Test for
Equality of Variances t-Test for Equality of Means

Equal variances assumed 8.059 0.005 0.032 2232 0.975 0.00004678 0.00147111
Not equal variances assumed 0.032 2216.767 0.975 0.00004678 0.00147111

Figure 9 depicts the complexity measures Λ7 and Λ49 for all individuals with the PPG technique.
We set two threshold lines: a vertical [Λ7]c straight line with value Λ7 = 1.55 and a horizontal [Λ49]
straight line with value Λ49 = 1.48. We observe that the vast majority of H lies in the right of the
[Λ7]c line and above the [Λ49]c line. Especially, only three of the 32 healthy individuals are mixed
with CHF. On the other hand, 13 CHF are mixed with H. The sensitivity s (the proportion of the truly
identified positives) in each of the two regions, for the H region when the Λ7 > [Λ7]c and Λ49 > [Λ49]c,
is sH = 90%. Hereafter, this region is called the H region. In the remaining region (hereafter called the
CHF region), we had sensitivity sCHF = (67−13)/67 = 80.6%.
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Figure 9. Results comprising 32 Healthy (blue circles) and 67 congestive heart failure (CHF) (red crosses)
individuals. The color contours correspond to the argument of the signum in the decision function
of Equation (12) obtained by Support Vector Machines (SVM) with radial basis kernel function with
γ = 50. The black dotted points correspond to the decision boundary and enclose the healthy (H)
region found by SVM.

Figure 10 depicts the complexity measure Λ7 and Λ49 for all individuals depicted in Figure 9
but with the ECG technique. We notice that the points, especially those of H, moved to the top right,
compared to the PPG diagram.
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Figure 10. Results comprising 32 Healthy (blue circles) and 67 CHF (red crosses) individuals. The
color contours correspond to the argument of the signum in the decision function of Equation (12)
obtained by SVM with radial basis kernel function with γ = 60. The black dotted points correspond to
the decision boundary and enclose the H region found by SVM.

We again set two threshold lines: a vertical [Λ7]c line with value Λ7 = 1.69 and a horizontal [Λ49]c

line with value Λ49 = 1.59 and the sensitivity s was calculated in the same way as previously. An
inspection of this figure shows that the vast majority of H (i.e., 28 out of 32) lies in the right of the [Λ7]c

line and above the [Λ49]c line. Hence, in this region sensitivity sH = 87.5%. This is the H region. In the
remaining region, we found the vast majority of CHF, i.e., 56 out of 67, thus the sensitivity for CHF
was sCHF = 83.5% (and only four H are mixed with CHF). This is the CHF region.

In order to confirm statistically the differences between the two groups of H and CHF patients, we
performed an independent samples t-test comparing the means of the groups. Our sample, for both
groups, follows the normal distribution according to the Shapiro–Wilk normality test. The independent
t-test results are summarized in Tables 4 and 5. The results indicate that there are statistically significant
differences for the parameters Λ7 (p = 0.000) and Λ49 (p = 0.000), between the H and CHF individuals
measured by the PPG method. Similar results are obtained for the method of ECG measurements as
they are shown in Tables 6 and 7.

Table 4. Group statistics for the H subjects and CHF patients (PPG method).

Parameter Group n Mean Std. Deviation Std. Error Mean

Λ7
Healthy 32 1.888 0.251 0.044

CHF 67 1.539 0.177 0.022

Λ49
Healthy 32 2.085 0.573 0.101

CHF 67 1.337 0.678 0.083
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Table 5. Independent samples t-test for the groups of the H subjects and CHF patients (PPG method).

Parameter. t df
Sig.

(Two-Tailed)
Mean

Difference
Std. Error
Difference

95% Confidence Interval of
the Difference

Lower Upper

Λ7 7.049 46.166 0.000 0.348 0.049 0.249 0.448

Λ49 5.381 97.000 0.000 0.748 0.139 0.472 1.023

Table 6. Group statistics for the H subjects and CHF patients (ECG method).

Parameter Group n Mean Std. Deviation Std. Error Mean

Λ7
Healthy 32 2.127 0.389 0.069

CHF 68 1.567 0.270 0.033

Λ49
Healthy 32 2.474 0.891 0.157

CHF 68 1.566 1.069 0.130

Table 7. Independent samples t-test for the groups of the H subjects and CHF patients (ECG method).

Parameter t df
Sig.

(Two-Tailed)
Mean

Difference
Std. Error
Difference

95% Confidence Interval of
the Difference

Lower Upper

Λ7 7.355 45.626 0.000 0.560 0.076 0.407 0.713

Λ49 4.167 98.000 0.000 0.908 0.218 0.475 1.340

The statistical significance of the separation between CHF and H obtained by means of [Λ7]c and
[Λ49]c in Figures 9 and 10 when using PPG and ECG data, respectively, can be estimated by means
of the ROC method. A ROC diagram depicting the results obtained by either PPG or ECG data is
shown in Figure 11. In Figure 11, we estimated the p-value to obtain, by chance, the aforementioned
classification scheme using the computer code VISROC available from [44] and obtained values well
below 0.01%. Concerning the AUC for PPG and ECG data, they are very close one to another since we
obtained 0.953 and 0.954, respectively.

In an attempt to obtain a better classification between CHF and H, we also employed the method
of SVM [45–51]. When the decision function of Equation (12) equaled +1 we assigned the point with
coordinates

→
x = (Λ7,Λ49) to CHF, while when it equaled −1 to H. In Figures 9 and 10, the color contours

correspond to the argument of the signum in the decision function of Equation (12). We varied γ in
order to obtain the maximum accuracy A which is the ratio of the sum of TP plus True Negatives (TN)
over the totality of the cases examined, A = (TP + TN)/(P + Q): for γ = 50 we obtained for PPG the
value A = 93% (one CHF mixes with H and six H mix with CHF, see the contours in Figure 9), while
for γ = 60 we obtained for ECG the value A = 95% (one CHF mixes with H and four H mix with CHF,
see the contours in Figure 10).
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Figure 11. Receiver Operating Characteristics (ROC) diagram depicting the operating points when
using PPG (red filled circle) or ECG (blue open circle) data according to the separation between CHF
and H obtained by means of [Λ7]c and [Λ49]c in Figures 10 and 11, respectively, together with the
corresponding ROC curves (red and blue, respectively) estimated on the basis of confidence ellipses [44].
The other three curves (yellow, green, black) correspond to the p-values 10%, 5%, 1%, respectively, when
67 (= P) CHF individuals are to be selected out of 99 (= P + Q) cases [44]. The p-values obtained for both
PPG and ECG are well below 0.01% while the corresponding AUC are 0.953 and 0.954, respectively.

4. Discussion and Conclusions

Previous ECG-based methods for automated computer aided detection (CAD) of HF using various
methodologies have achieved encouraging results. The duration of ECG signal recording was variable
and could be as short as 2 s [10,54–58]. Simple clinical prediction rules (CPR) for HF detection
performed less well compared to ECG based methods [59]. The addition of clinical parameters and
natriuretic peptides on ECG-derived signals may improve HF detection algorithms [10]. To compare
our present results with studies of other groups to distinguish a target group comprising a considerable
number of CHF, say 40 or more, from healthy individuals, we compile in Table 8 the most recent CAD
systems using HRV and the most recent systematic review [59] of CPR for the diagnosis of HF. An
inspection of this table reveals that the sensitivity values achieved in the present study is comparable
to the highest values reported to date.

Turning now to NTA studies, earlier work was undertaken by using ECG (see Table 9) and
revealed promising results concerning the distinction between H and CHF by means of the complexity
measures Λ7 and Λ49. Future studies could assess the role of adding clinical parameters and biomarker
data in improving the accuracy for HF detection.
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Table 8. Comparison of the present study with the most recent computer aided detection (CAD) systems
using Heart Rate Variability (HRV) and the clinical studies discussed in the most recent review [59] to
distinguish CHF from H. (LF/HF: LF over high frequency ratio of power spectral density, BNP: B-type
natriuretic peptide, MICE: Male, infarction, crepitations, edema).

Reference Parameters Used Sensitivity sCHF

Hua et al. [9] (see Table 8) Various HRV classifiers 85.37% to 97.56%

Pan et al. [60] (see Table 3) Multi-Frequency Components
Entropy (or LF/HF) 63.6% to 79.5% (or 86.4%)

Gallagher et al. [59] (see Table 4) BNP alone 75.6% to 84.7%

Roalfe et al. [61] MICE, MICE and ECG, MICE and
BNP, MICE and ECG and BNP

58.5% to 86.2%
(see Table 4 of [59])

Fahey et al. [62] CPR, CPR and ECG, CPR and BNP,
CPR and ECG and BNP

55.3% to 86.2%
(see Table 4 of [59])

Boonman-de Winter et al. [63] Clinical score 67.7% to 75.6%
(see Table 4 of [59])

Yamamoto et al. [64] Clinical score (and BNP) 54.2% to 76.1%
(see Table 4 of [59])

This work
Λ7(PP), Λ49 (PP) 80.6% (97.7% when

employing SVM)

Λ7(RR), Λ49 (RR) 83.5% (97.7% when
employing SVM)

Table 9. Comparison of the previous NTA studies for the distinction of CHF patients from H and SCD
individuals with the present NTA study. (In this table: NN refers to NN intervals between consecutive
normal beats, while intervals between pairs of normal beats surrounding an ectopic beat are discarded;
N3 is the ratio σ[∆S3

shuf]/σ[∆S3], where the superscript shuf denotes that ∆S3
shuf time-series is calculated

upon randomly shuffling the original NN time-series [21]).

Reference Parameters Used Sensitivity sCHF

Varotsos et al. [21] (see Figure 3a) N3(NN), σ[∆S7](NN) 61.4%

Sarlis et al. [24] (see Table 1) Λ7(NN), Λ49(NN), σ[∆S3](NN) 68.2%

This work
Λ7(PP), Λ49(PP) 80.6% (97.7% when employing SVM)

Λ7(RR), Λ49(RR) 83.5% (97.7% when employing SVM)

In this paper, we employed NTA in the dynamical system of the heart by using data obtained both
by a prototype low-cost portable PPG electronic device as well as by ECG and compared the results.
In particular, the results obtained by PPG show that these complexity measures for 99 individuals
exhibit 90% sensitivity for the H region and 81% for the CHF region. Moreover, these results indicate
that there are statistically significant differences for Λ7 and Λ49 between the H and CHF individuals
measured either by the prototype PPG electronic device or by the conventional ECG system. The
statistical significance is further strengthened by employing ROC diagrams (Figure 11) which reveal
more or less the same value of AUC for both PPG and ECG. In addition, the classification between
CHF and H was elaborated by using non-linear radial basis function SVM (see the color contours in
Figures 9 and 10) that led to comparable values of accuracy A for both PPG and ECG. The competitive
advantages for the new prototype electronic device include the low-cost, the portability and the few
minutes time window to produce clear results. No previous study has reported NTA results concerning
the distinction of HF from H by means of PPG signals. Further improvement of the prototype PPG
electronic device requires data processing and NTA in real time. We expect that the employment of
this PPG electronic device in the general population due to its simplicity of use could contribute to the
detection of underlying heart problems and the timely notification to health care units.
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