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Abstract

Cardiovascular disease (CVD) patients were targeted
from cardiology department in this study to segregate who
had stenosis and also identify the principal diseased coro-
nary artery using PPG and ECG signals. After pre-
processing these signals, dicrotic notch region of PPG and
S-T segment of ECG, within each cardiac cycle was ex-
tracted as templates. A new fused segment was gener-
ated from two templates by a proposed algorithm. Utiliz-
ing statistics on three templates we defined the term Coro-
nary Health Index (CHI) to evaluate the status of coro-
nary arteries. Setting CHI thresholding values, healthy
and stenosed artery were differentiated. Using CHI val-
ues from patients with stenosis, the classification of arter-
ies (LAD, RCA, and LCx) was performed using Graph At-
tentive Convolution Network. Among 408 CVD patients
256 had occlusion in either LAD or RCA or LCx. Binary
classification among presence and absence of stenosis was
carried out with 0.92 accuracy, 0.91 recall, 0.91 preci-
sion, 0.90 specificity, and 0.92 F-score. Identification of
stenosed artery was measured with Kappa score (0.89) and
Youden’s J statistic value (0.84). AUC(0.93) and AP(0.92)
values from ROC and PRC curves, respectively. This de-
rived CHI could be able to study stenosis in non-invasive,
easy and cost-effective manner.

1. Introduction

Coronary artery disease (CAD) is a prevalent cardio-
vascular disease affecting people worldwide. CAD is a
medical condition where a plaque (generally constitutes of
fat, calcium, cholesterol, etc.) formation takes place in-
side the coronary arteries of heart. This prevents supply
of blood (oxygenated) to myocardium, thus affecting es-
sential functioning of the heart. It is also known as IHD
or ischemic heart disease. As per health statistics, there
was an increase in deaths due to CAD or IHD by 74.9%
in 2017 when compared to 1990 [1]. According to global
predictions this disease will affect 1845 people in 1 lakh
in 2030 from 1655 people in present [2]. The cardiac pa-
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tients admitted to hospital were the cohorts in acquiring
ECG and PPG signals. Three major coronary arteries left
right coronary artery (RCA), anterior descending coronary
artery (LAD), and left circumflex coronary artery (LCx)
are one of the most important arteries which get affected
most due to stenosis as per the medical literature and car-
diologists suggestion. So, these arteries were focused in
this study to find the possibility of coronary artery identi-
fication in CAD patients.

Biomedical researches are being carried out to detect
CAD using physiological signals. ECG signals have been
used for quite a long time in medical field for all types of
patients. Photoplethysmography signals are gaining atten-
tion in predicting status of cardiological functions. There
are works where ECG and PPG signals were individually
used to detect CAD.

Yao et al. used residual network to build an ML algo-
rithm to detect CAD from ECG signal features with 0.96
accuracy, 0.95 sensitivity, and 0.96 specificity [3]. Ventric-
ular polarization measurements in QRS, S and T waves of
ECG signals were used to classify CAD group with sensi-
tivity and specificity 0.63 and 0.75, respectively. Li et al
used dual inputs ECG and PCG signals to extract features
and use them in a deep learning model to identify CAD
patients with specificity of 0.89 [4]. Dey et al. used SVM
and Wavelet transform to differentiate CAD patients with
an accuracy of 0.89 on PPG signal online data repository
[5]. The time domain analysis of PPG signals to identify
CAD patients using SVM was done by Paradkar et al. with
the 0.85 sensitivity of and 0.78 specificity [6]. Ouyang et
al. distinguished CAD and pre-CAD from healthy subjects
using PPG signals from ear lobe, finger and toe tip with an
accuracy of 0.83 [7].

The aim was to acquire PPG and ECG signals were si-
multaneously from CVD patients visiting hospital and dis-
tinguish CAD and non-CAD patients. ECG and PPG tem-
plates were extracted from these processed signals. Fused
template was derived from these two templates. After find-
ing the coronary health index (CHI) values we segregated
the patients using the graph attentive convolution neural
netwrok (GACNN). Later among the CAD patients we
classified the patients on the basis of the coronary artery
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location weather it is in LAD, RCA and LCx. We anal-
ysed the CAD patients using this proposed CHI values.

2. Methodology
2.1. Data

The two signals (ECG and PPG) were acquired at the
same time from CVD patients visiting hospital for treat-
ment. The coronary artery angiogram (CAG) reports
was considered as the gold standard data for diagnos-
ing CAD patients. Ethical clearance from Institutional
Ethical Committee (IEC) was obtained from the Indian
Institute of Technology Kharagpur, with vide reference
no. : IIT/ SRIC/DR/2019, dated 06-11-2019 and Medi-
cal College and Hospital, Kolkata with vide reference no.
: MC/Kol/IEC/Non-spon/139/09-2018, dated 10-11-2018.
The inclusion and exclusion of cohorts were followed as
decided by IEC. Before data collection, the participants
were asked to give attestation after going through the IEC
consent forms as per ethical norms.

PPG signals were collected using the experimental setup
consisting sensor - IR Plethysmograph Velcro Strap (MLT
1020 PPG, AD Instruments, Sydney, Australia) and three
clamp electrodes of red, green, and black colors for collect-
ing PPG and ECG signals, respectively. A bio-amplifier
(Dual Bio-AMP-FE 232 AD Instruments, Sydney, Aus-
tralia) is used to increase signals’ amplitude. In the end,
a DAQ (Power Lab r 8/35, ML135, AD Instruments, Syd-
ney, Australia) recorded the signals at resolution of 16-bit,
zero phase, and 2 KHz acquisition frequency. A high pass
filter with cut off 0.2 Hz was used to prevent the undesired
low frequencies. Notch filter of 50 Hz removed power line
interferences. High- frequency noise was removed by 50
Hz Butter-worth filter of order=8 with 1000Hz sampling
frequency.

The demographic details of recruited patients were age,
height, weight, systolic pressure, diastolic pressure, pulse
rate of the cohorts were 56.11 + 12.29 yrs, 166.34 + 6.62
cm, 61.75 £ 13.65 Kg, 121.06 + 18.70 mm of Hg, 78.03 +
11.47 mm of Hg, 77.48 £+ 11.38 bpm, respectively.

2.2. Template extraction

Pre-processed PPG and ECG signals were used for each
patient to derive the coronary health index (CHI). Accord-
ing to literature, ST segment of ECG and dicrotic notch of
PPG were referred for CAD detection in cardiac patients.
So, both the signals were segmented equally, observing the
cardiac cycles. For ECG, the ST segment was extracted lo-
cating the T wave and J point in the segment. This part of
the ECG signal was stored as the ECG template. In case of
PPG segment, the catacrotic phase was targeted. The area
including diastolic peak and dicrotic notch was extracted

and stored in PPG template. These templates were used
to generate the third template - fused template. An algo-
rithm was designed to generate this fused segment. ECG
and PPG templates were used as the inputs. Spline inter-
polation was used to find the third template. Single 1D
matrix was obtained using concatenation operation on in-
terpolated template and two input templates. Now for each
patient three templates were obtained from PPG and ECG
signals.

The functions involved to find CHI for each patient in-
cluded maximum likelihood estimation (MLE), correlation
(r) and covariance (c). MLE was found from the fused tem-
plates to calculate the conditional probability in their prob-
ability distributions. r and ¢ was found among the PPG
and ECG templates to calculate the commonality and dif-
ferences, respectively. The MLE (é) of a parameter 6, was
found using (1)

6 = arg(maz)in[L (6; )] 1)

where, © is the parameter set, ¢ is sample, L(6;&) is
likelihood of sample, arg max gives maximum value of
log likelihood estimation of the sample. The correlation
(r) of PPG templates = and ECG templates y was found
using (2)

_ n(Xzry) — (¥r)(Xy)
VInZa? — (Sa?)][nZy? — (Sy?)]

and the correlation (c) of PPG template X and ECG
template Y was found using (3)

2

S - X)) .

n

where, n is the number of templates in a cardiac cycle.
The values of MLE, r, and ¢ were implemented in (4) to
get the CHI value of one patient.

CHI = @ 4)

These CHI values were used to distinguish CAD pa-

tients from non-CAD patients. It was seen the healthy sub-

jects produced CHI above 60 and the CAD patients had

CHI value below 60. After identifying CAD patients we

used their CHI values to find the coronary artery which
has maximum stenosis.

2.3. Classification Network

Using CHI values from patients with stenosis. The
classification among LAD, RCA, and LCx was performed
using Graph Attentive Convolution Network (GACN). In
GACN the node values were the CHI values. The clinical
information among the patients were utilized to derive the
edge relationships.
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Figure 1. The network topology

The network comprised 4 layers of graph convolution,
attention based layer, fully connected layer, softmax layer,
and classification layer. Each layer had the graph con-
volution layer, batch normalization, activation layer, and
pooling layer. Self-attention principle was used in the at-
tention based layer. Adam optimization was used as the
training algorithm. The mini-batch size was 15, learning
rate was 0.001, and momentum was initialized as 0.9. All
the coding was carried out in Python platform. The hard-
ware setup was ASUS TUF FX504 system, with GPU of
NVIDIA Geforce GTX.

3. Result

The presence of arterial stenosis was confirmed us-
ing the proposed GACNN. The input data was divided
into training, testing, and validation, data sets in the ra-
tio 70:15:15. The CHI values were observed but perfor-
mance evaluation was conducted using confusion matrix.
10-fold cross-validation was used for verification of statis-
tical significance. This binary classification between CAD
and non-CAD was carried out with 0.92 accuracy, 0.91
recall, 0.91 precision, 0.90 specificity, and 0.92 F-score.
Initially for the robustnes of the network ablation studies
were conducted using different number of layers, various
activation functions, and types of pooling layers. The final
network for binary segregation was selected on the basis of
best results.

The comparison of the performance of GACNN with
other established networks was also done. Here, AlexNet,
GoogleNet, InceptionNet, ResNet, and VGG-Net were si-
multaneously evaluated on the same input data for deriving
accuracy, recall and F-score. The hyper-parameter specifi-
cations and the hardware platform was kept same through-
out. From Table 1 it been be seen that GACNN had pro-
duced highest result in comparison to the other networks.

The graph containing mirror Receiver Operating Char-
acteristics (ROC) curves and Precision Recall curves (PR)
were studied to derive the Area under the ROC curve

(AUC) and Area under the PRC curve (AP) values.

Table 1. Comparative studies with other networks.

Networks Accuracy Recall F-score
GoogleNet 0.87 0.86 0.85
InceptionNet  0.84 0.85 0.84
ResNet 0.88 0.87 0.86
VGG-16Net  0.89 0.86 0.87
GACNN 0.92 0.91 0.90

After analysis of the graph highest values of AUC(0.93)
and AP(0.92) values from ROC and PRC curves, were
found for GACNN, respectively (from Fig 2).
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Figure 2. Combined PR curve (PRc) and mirror ROC

curve (ROCc) plot for comparing performance of the pro-
posed with standard existing networks

The state-of-the art studies was done with respect to dif-
ferentiating CAD and non-CAD patients, in terms of the
techniques utilised and resulting accuracy, as illustrated in
Table 2. Among the CAD patients further classification
was carried out concentrating the stenosis in one of the
coronary artery. Majorly three important coronary arteries
was studied - LAD, RCA, and LCx. The same GACNN
architecture was implemented but with less number of in-
puts. The training, validation, and testing data sets were in
70:20:10 ratio. Cross-validation was conducted in 5-folds.
Here, the results were found from the confusion matrix in
terms of Cohen Kappa score (0.89), Mico-Avg Fl-score
(0.88), and Youden’s J statistic value (0.84).

4. Discussion

The demonstration of the effectiveness in finding CHI
values and using them as inputs to GACNN was prominent
from the results. It was the first time where such kind of
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index has been introduced. Quantitative comparison was
made with past works from literature survey.

Table 2. State-of-the-art studies.

Researchers Techniques Accuracy
Yao et al. [3] ML 0.96
Paradhkar et al. [4] SVM 0.85
Ouyang et al. [5] signal processing 0.83
Li et al. [6] DL 0.89
Lin et al. [7] signal processing 0.65
Proposed work GACNN 0.92

The various techniques implemented on PPG signals
and the result obtained has been displayed in Table 2. Sig-
nal procesing, machine learning (ML), and deep learning
were used in [3] to [7]. The present work also involved
DL, in network GACNN but the inputs were CHI values
derived from statistical analysis of signals. This procedure
helped in achieving an accuracy of 0.92. Hence, proving
its superiority over the previous works.

During data collection the CAD patients with other co-
morbidities were excluded due as per ethical norms. More-
over the CAD patients with stenosis in any one of the artery
(LAD, RCA, and LCx) were targeted more. Those patients
having stenosis in more than one artery were not consid-
ered for the study. Thus these were the limitations to the
study.

5. Conclusion

The PPG signals were collected from cardiovascular pa-
tients admitted in the hospital for treatment. After pre-
processing the signals individually templates were ex-
tracted from each of the cardiac cycle of both the sig-
nals. Using the designed algorithm a fused template was
evolved. Statistical tools were implemented to find the
CHI using the three templates. Based on these CHI values
classification of CAD patients were done using the pro-
posed GACNN. The results were produced with 0.92 accu-
racy, 0.91 recall, 0.91 precision, 0.90 specificity, and 0.92
F-score. Among the CAD patients, classification of the
patients based on the stenosed artery among LAD, RCA,
and LCx was executed using the same CHI values and
GACNN. Thus, it was observed that CHI values were in-
dicators of CAD non-invasively requiring less time.
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