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ABSTRACT

ECG and PCG reflect the activity characteristics of the heart, and the combination of the two can record
the electromechanical activity information of the heart more comprehensively. In this paper, we design
a heart failure prediction model based on Transformer, and utilize Transformer Encoder to complete
the feature fusion of ECG and PCG. Feature classification is performed using ResNet-18 to achieve the
prediction of nine typical arrhythmias. Evaluate the classification results on the dataset to explore the
performance level of the proposed model. Obtain ECG and PCG data in real situations, and select
entropy analysis and heart rate variability metrics to quantify the physiological signal time series
complexity. The model classification accuracy, specificity and sensitivity are compared to analyze the
effect and superiority of the proposed model in practical applications. The results show that the
average accuracy of the model on the four datasets reaches 92.28%, and the highest average F1 score
is 0.930. In practical applications, the classification accuracy, specificity and sensitivity of the proposed
model in this paper are 96.79%, 97.47% and 96.77%, respectively. Through the fusion analysis of ECG
signal and heart sound signal characteristics, the model fully reflects the HRV change characteristics
of heart failure patients and can effectively predict heart failure.
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1. Introduction

Heart failure is a group of syndromes in which various cardiac diseases develop to advanced stages,
with a complex course, varying severity, and a high mortality rate in the context of quality of life,
psychological status, nutritional indicators, and medical environment [1-4]. Heart failure can be
caused by a variety of reasons, such as coronary heart disease, hypertension, myocarditis, and
cardiomyopathy. Coronary heart disease causes myocardial ischemia, leading to impaired myocardial
function [5]. Hypertension, on the other hand, increases the cardiac load, leading to cardiac
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enlargement and hypertrophy, and ultimately causing heart failure [6]. And the physiologic
manifestations of heart failure are not the same in different states. In terms of pathophysiology, heart
failure is mainly characterized by decreased myocardial contractility and diminished diastolic function.
Decreased myocardial contractility leads to a decrease in cardiac output and hypoxia of systemic
organs, while diminished diastolic function leads to an increase in cardiac filling pressure, which
further affects cardiac output [7-8]. In addition, heart failure is associated with complex
pathophysiological changes such as myocardial remodeling and activation of the angiotensin-
aldosterone-sympathetic nervous system [9-10].

In terms of clinical manifestations, heart failure often causes cardiac and pulmonary symptoms.
Cardiac symptoms include shortness of breath, palpitations, fatigue, and intractable edema, while
pulmonary symptoms are mainly characterized by dyspnea, cough, and sputum [11]. In addition, heart
failure may also cause systemic manifestations such as liver function abnormalities and renal
hypoplasia [12-13]. In terms of diagnosis, the diagnosis of heart failure mainly relies on clinical
symptoms and signs, electrocardiogram, cardiac ultrasound and other auxiliary examinations, and
clinically, heart failure is often categorized into acute and chronic heart failure according to the course
of heart failure, and the clinical symptoms and treatments are also different [14]. Therefore, the
physiologic signal data of heart failure patients are diverse and complex. With the development of
technology, doctors issuing treatment plans and diagnosis no longer rely only on doctors' personal
experience, but with the help of intelligent technology, the patient's physical data are analyzed to assist
doctors and caregivers in diagnosis, treatment and rehabilitation care [15-17]. In order for doctors to
better understand the physiological status of heart failure patients and subsequent diagnostic and
therapeutic judgment, it is necessary to develop a calculation method and prediction model suitable
for the physiological signal data of heart failure patients.

In this paper, we first introduce the data sources of the study and propose the pre-processing
method of ECG signal data. A heart failure prediction model based on Transformer was designed to
transform PCG signals using MFCC and feature extraction using Transformer Encoder. Higher order
ECG and PCG features are fused and classification of hybrid features is achieved with the help of
ResNet-18. Classification prediction is performed on the divided dataset using the proposed model,
and the performance level is visualized relying on the confusion matrix. The actual ECG and PCG data
are collected, and the entropy-based physiological signal feature quantization method is proposed.
The proposed model is compared with existing automatic prediction models for heart failure to verify
its effectiveness in practical applications.

2. Transformer-based heart failure prediction algorithm

2.1. Data composition and processing

ECG, as the most commonly used auxiliary diagnostic method for cardiac diseases, contains rich
information about heart beats and clinical features. Classification of arrhythmias based on ECG signals
is an important analysis method for accurate detection, effective treatment and timely warning of
various heart failure diseases. This section describes the preprocessing methods of ECG signal data to
prepare the preliminary data for the establishment of heart failure prediction models.

2.1.1. Datasources and groupings. A total of 16,000 12-lead ECG recordings in mat format were used
in this study, which varied in noise level, sequence length and amplitude range. Before designing the
structure of the neural network, it is necessary to process the data briefly using some mathematical
methods. In this work, the ECG co-labeled by several cardiologists consists of 8000 12-lead ECG
records with a sampling rate of 500 Hz. is divided into three parts, 6250 records as a training set, 950
records as a validation set, and 800 records as a test set #1. Each record may have multiple different
arrhythmia labels, so one record can be counted repeatedly in the respective statistics of different
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labels. To make the results more convincing, 7200 ECG records collected from multiple sources were
used as test set No. 2, which has the same amount of data as the training and validation sets combined,
and 800 ECG records collected from the PhysioNet public database were used as test set No. 3. Test set
No. 2 can effectively illustrate the generalization of the model obtained from the training due to the
mixing and wide range of data sources; Test set #3 facilitates controlled experiments due to the public
nature of the data. The number of ECG records corresponding to each of the nine types of arrhythmias
is shown in Table 1.

Table 1. Data set partitioning details

Type Trainset Valset Test setl Test set2 Test set3
Normal 1848 274 183 2018 285
AF 504 69 59 649 58
FDAVB 523 76 63 562 52
CRBBB 805 98 84 863 61
LAFB 166 39 45 219 39
pPVC 617 84 79 705 68
PAC 628 80 61 692 75
ER 205 22 18 325 17
TWC 2088 195 184 2359 173
Total 6250 950 800 7200 800

2.1.2. ECG signal denoising. ECG signal has the characteristics of low frequency, instability and
strong ability to accept interference, which leads to the collection process of ECG signal will inevitably
be affected by a variety of interfering information, and these interfering information, if more, will even
cover up some useful information in the original ECG signal. In order to better utilize the effective
information of ECG signals, denoising of ECG signals is required.

Wavelet transform can analyze the signal in the time domain frequency domain at the same time,
especially in one-dimensional signal processing noise, detection of feature points has good ability, it
has become a commonly used method to remove noise in recent years, the ECG signal containing noise
can be expressed by formula (1):

s@=f@t)+o-e(t)t=0,1,---,n—1 (1)

where f(¢) is the real ECG signal, e(r) denotes the noise, s(#) denotes the ECG signal mixed with
noise and o denotes the standard deviation of the noise. The denoising process of wavelet transform
is;

1) First process the ECG signal containing noise by wavelet decomposition: choose a wavelet basis
function, specify the number of decomposition layers as N , and then perform N -layer
decomposition of the signal; according to the characteristics of the ECG signal, the commonly used
wavelet basis functions to process the ECG signal are the four kinds of Hear, Daubechies6, Symmlet8,
and Coifletsb;

2) Quantizing the decomposed high-frequency coefficients: that is, determining a suitable threshold
for the high-frequency coefficients from the first to the last layer, and then quantizing them;

3) Reconstructing the signal: based on the wavelet decomposition of the high frequency coefficients
of each layer from the front to the back and the low frequency coefficients of the last layer to
reconstruct the process.

The most critical step in denoising by wavelet transform is the selection of threshold, which, to a
certain extent, can reflect the effect of noise removal. After applying a small threshold, the wavelet
coefficients will contain too many noise components, which may not achieve the effect of filtering; a
large threshold may lose the effective components of the ECG signal, resulting in the loss of the original



7016 ZHUANG ET AL.

characteristics of the signal. In this section, the very large and very small threshold method is used to
determine the size of the threshold. The method is to minimize the great variance obtained by selecting
the threshold value, and is able to find the threshold value by calculating the minimum value of the
variance of the signal after filtering and the original signal in the worst case.

2.2. Modeling

2.2.1. Transformer Encoder. Transformer is a popular neural network architecture for processing
sequential data, especially performing well in natural language processing tasks.The Transformer
architecture consists of two parts, Encoder and Decoder, where Encoder mainly uses multi-head self-
attention to extract and uplift the overall features from the context of the input data sequence to
transform the The input sequence is encoded into a fixed-length high-dimensional feature vector
representation, while the Decoder is used to generate the target sequence. The structure of a single
Transfomer Encoder is shown in Figure 1.
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Fig. 1. Structure of a single Transformer Encoder

2.2.2.  Algorithmic Model. For preprocessing, the model transforms the PCG signal using the Mel
Falling Spectral Coefficient (MFCC), which is more in line with the auditory properties of the human
ear and still has good recognition performance when the signal-to-noise ratio is reduced. Then, a one-
dimensional convolutional neural network is used for feature pre-extraction, and then its initial-order
features are deeply extracted using Transformer Encoder to obtain the higher-order features after
Encoder. Finally, the higher-order ECG and PCG features are fused and mixed with Gaussian noise in
the third dimension and classified using ResNet-18.

The model performs initial feature extraction on the preprocessed ECG and PCG spectral sequences
using a one-dimensional convolutional neural network with two-dimensional convolutional kernel
(ID-CNN), which effectively matches the input data and performs appropriate data compression. 1D-
CNN is mainly used in the field of processing time series data, signals, etc. Compared with the
traditional signal processing methods, it can automatically learn the features in the data, avoiding the
tedious process of manually extracting features. The main roles of the 1D-CNN layer in the model are
feature pre-extraction, data compression and dimension matching.
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The 1D-CNN neural network layer performs convolutional operations in a single dimension, and its
convolutional computation is shown in Fig. 2.The modeled ID-CNN uses a two-dimensional
convolutional kernel that performs convolutional operations along the time dimension. It has a set of
self-learning convolution kernels that are commonly used for feature compression and high-
dimensional mapping with the following formula:

0= Inpu;—K 1 @)
o@) = i x(a)o(t—a) (3)

where O(¢) is the compressed data, x(a) is the data from the input port, and w@(t—a) is the
convolutional kernel function.The ID-CNN is compressed in the temporal dimension of the PCG,
mapped to match the ECG, and appropriately enhances the temporal length of the ECG. Then, each
channel PCG and ECG are deep mined and encoded independently for each modal feature using
Transformer Encoder based on multi-head self-attention and residual connection, with the feature
vector length of 204, the number of feed-forward network weights in the Encoder layer of 2048, and
the number of Encoder layers is 3.
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Fig. 2. Calculation of 1D-CNN

The output of the Encoder layer is two deeply encoded feature matrices, where we blend them with
Gaussian noise in the third channel to form a 3x204 x/ength fusion matrix. Gaussian noise is a class
of noise whose probability density function obeys a Gaussian distribution, and blending them into
features improves the generalization ability of the neural network. In the final stage of the model, the
blended features are classified using ResNet-18 and the values of the neurons are output through a
linear layer of 512x1 and a Sigmoid activation function.

2.3. Performance evaluation

According to the experimental procedure, the model is constructed, the parameters are trained, and
the results are evaluated on the dataset that has been divided, and then try to solve the prediction
problem of heart failure and health with the model proposed in this paper.

The confusion matrix plotted based on the best classification results from the validation set (set1)
is shown in Figure 3. The samples on the main diagonal line account for the majority of the errors, and
the few errors occur mainly in the surrounding regions. There is a strong correlation between
interclass morphological similarity and interclass confusion, and most of the abnormally distributed
samples are explainable. For example, the reason for the large number of false-positive samples of the
normal type is that all null predictions below a defined threshold are deliberately categorized as
Normal. the model achieves an accuracy of 94.35%, incorrectly predicts 13 normal samples as TWC,
and TWC is also confounded with the other seven types to varying degrees, partly because the
convolution and pooling operations have caused the important minor fluctuation information to be
eliminated. It can also be seen that the negative effects of false-positive and false-negative samples are
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amplified on the ER, partly due to the extreme imbalance of the ECG record of the ER, and partly due
to the inability of the model to efficiently learn the degree of J-point elevation.
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Fig. 3. Confusion matrix on the validation set

The confusion matrix for the test set is shown in Fig. 4, where the model incorrectly predicted 16
other samples as TWC in test set #2, 560 TWC samples as other samples in test set #3, and 37 samples
were generated by the confusion of TWC with other types in test set #4, but overall the model accuracy
reached 94.33%, 87.47%, and 92.95%, respectively, which proves that the resulting model
generalization performance is good.
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Fig. 4. Confusion matrix on the testing set

The learning effect of the model is outstanding from the point of view of the confusion matrix. In
order to have an objective and comprehensive understanding of the model, this paper calculates the
checking accuracy, checking completeness, specificity and F1 scores of nine categories on the
validation set (set1) and three test sets (set2, set3, set4), and the results of the tests are shown in Table
2.The average F1 score is the highest at 0.930, and the lowest at 0.906.It can be clearly seen that AF,
FDAVB, CRBBB, PVC, and PAC have stable scores in the four datasets and have strong generalization
ability. When the number of test samples increases to 7200 (set3), the confusion between Normal and
TWC classes increases. The extremely limited number of LAFBs and ERs in the training set posed an
overfitting risk to the model, and the F1 scores of the two classes achieved with a more diverse test set
decreased significantly.

Table 2. The composite performance of the model over different data sets

Normal AF FDAVB CRBBB LAFB PVC PAC ER TWC | Average
Setl 0.903 0.976 0.936 0.972 0.903 | 0.966 | 0.921 | 0.774 | 0.935 0.921
Precision Set2 0.929 0.968 0.934 1.000 0.924 | 0.953 | 0.923 | 0.732 | 0.911 0.919
(PPV) Set3 0.894 0.970 0.941 0.983 0.919 | 0.963 | 0.908 | 0.684 | 0.875 0.904
Set4 0.883 0.983 0.929 0.974 0921 | 0973 | 0912 | 0.698 | 0.891 0.907
Setl 0.963 0.981 0.898 0.992 0.906 | 0.963 | 0.874 | 0.793 | 0.863 0.915
Set2 0.958 0.974 0.875 1.000 0.902 | 0.960 | 0.883 | 0.758 | 0.893 0911

Recall Set3 0.961 0.983 0.894 0.994 0.893 | 0.983 | 0.847 | 0.694 | 0.849 0.900
Set4 0.946 0.979 0.886 0.987 0.891 | 0.971 | 0.865 | 0.784 | 0.864 0.908

Setl 0.961 0.997 0.997 0.996 0.993 | 0.995 | 0.996 | 0.995 | 0.948 0.986

Specificity Set2 0.963 0.998 0.998 1.000 0989 | 0976 | 0994 | 0993 | 0.979 0.988

Set3 0.959 0.996 0.998 0.997 0.995 | 0974 | 0.961 | 0.974 | 0.992 0.983
Set4 0.958 0.997 0.996 0.998 0.996 | 0.983 | 0.992 | 0.989 | 0.958 0.985
Setl 0.943 0.984 0.925 0.984 0.903 | 0.969 | 0.901 | 0.793 | 0.904 0.923

F1 Set2 0.938 0.978 0.918 1.000 0.982 | 0.967 | 0.898 | 0.768 | 0.918 0.930
score Set3 0.874 0.983 0.914 0.981 0.989 | 0.961 | 0.903 | 0.694 | 0.858 0.906
Set4 0.893 0.982 0911 0.979 0.981 | 0.970 | 0.905 | 0.728 | 0.874 0.914
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3. Example analysis of heart failure disease prediction based on fusion of ECG
and PCG features

3.1. Actual signal acquisition and processing

In order to obtain multi-physiological signal data in real situations, this study performed signal
acquisition on the subjects, which can get the corresponding ECG and heart sound data and save them.
The subjects were kept in a sedentary and stable state during the measurement process to minimize
the effects of small movements. The subjects in this study were divided into healthy and abnormal
groups, ten in each group.

The received ECG signals are shown in Figure 5.
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Fig. 5. ECG signal
The heart sound signal obtained from sampling is shown in Figure 6.
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Fig. 6. PCG signal

3.2.  Quantification of physiological signal data

Entropy analysis is very effective in quantifying the complexity of the ECG signal time series; in general,
the lower the entropy value of the heart rate variability (HRV) signal, the lower the complexity of the
time series, i.e., the lower the cardiac function. Sample entropy is a statistical calculation used to
estimate the complexity of biological time series signals. Alignment entropy is a measure of system
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complexity derived from dynamical systems theory. In this paper, sample entropy and alignment
entropy are used to extract the characteristics of complexity of HRV signals, respectively.
The sample entropy is calculated as follows: a segment of the HRV signal time series is selected as

Y ={¥: Y2, V3»-sYy_1» Yy | » and it is constituted as a m -dimensional vector, i.e:

th :{yz>yt+19""yt+m—2’yt+m*1} (4)

Eq t=12,..N—(m+1).

Define the distance between Y] and Y} as d[YtI”,Yl’z”] (#, is not equal to t,), as the one with

the largest difference between the two corresponding elements i.e:

d[ Y. ¥y |= max

Y. -v?
ke(0,m—1) 1+k t2+k

t

(5)

Given a threshold value of (> 0), count the number of d [Kf’ , Ytg’] <r and ratio them to the total

number of vectors, ie:

mum{d[ ¥, | <r| (6)

B (r) = Nl

For averaging all the results obtained from Eq. (4), i.e:

1 N-m+1
B"(r)y=— B"(r 7
") N—m+1;’() (7
Then the sample entropy of this sequence is:
Bm+l(7')
SampEn(y,m,r)=—In 8
pEn(y,m,r) { B0 (8)

[ts arrangement entropy is calculated as follows:
Atime series X oflength N isselected for phase space reconstruction to obtain a matrix Y as:

[ x()  x(+t) - x(+(@m=1Dyx) |
Y= x(j) x(j+t) - x(j+(m-1)y) (9
| X(K) x(K+1) -+ x(K+(m-1)t) |

where m isthe embedding dimension, ¢ isthedelaytime,and K = N —(m—1)t.Eachreconstructed
component is rearranged in ascending order to obtain a set of symbolic sequences formed by the
column indices of the positions of the elements in the vector.

S ={is Jrsees Jin} (10)

where [/=1,2,...,k and k<m!.

There are a total of m! different symbol sequences for the m -dimensional phase space mapping.
Calculate the number of occurrences of each symbol sequence divided by the total number of
occurrences of the m! different symbol sequences as the probability of occurrence of that symbol

sequence. That is {E,Q,,ﬂ}

The entropy of the permutation of time series X is calculated as:

H,(m)==) P InP, (11)

J=1
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Sample entropy and alignment entropy are measures of the complexity of the time series and the
size of the probability of the sequence generating a new pattern when the dimensionality changes; the
greater the probability of generating a new pattern, i.e., the greater the complexity of the time series,
the greater the value, and conversely, the smaller the value, which indicates that the time series is
simpler and more regular. The mean values of both sample entropy and alignment entropy of normal
people are larger than those of patients with heart failure diseases, which is in line with the theory
that the time series of ECG signals of normal people are more complex and random.

Comparison of the distribution of sample entropy and alignment entropy values between normal
people and patients with heart failure diseases is shown in Figure 7. As can be seen from Fig. 7, the
mean value of the sample entropy of normal people and patients with heart failure is more different,

and the distribution of the arrangement has less overlapping parts.
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Fig. 7. Distribution of entropy values in normal subjects and patients with HF

Based on the different properties of the two features, the two entropy features are fused. The
distribution after the fusion of the two is shown in Fig. 8, which shows that the fusion of the two
features can better distinguish between normal people and patients with heart failure diseases.
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Fig. 8. Feature fusion distribution of sample entropy and permutation entropy

3.3.  Comparative analysis of forecast results

In order to verify the effectiveness of the Transformer-based prediction method for heart failure
patients proposed in this paper for practical applications, it was compared with existing automatic
prediction models for heart failure.

The six control models are numbered as A~F, and the specific testing methods are described below.

Model A: The method of combining CNN and DDM for entropy calculation, using the entropy method
to generate the DDM, and then using the CNN model to learn the data distribution pattern hidden in
the DDM.

Model B: Extracting time-frequency domain and wavelet entropy features, using KNN classifier, and
evaluating feature performance.

Model C: Extract time domain and wavelet transform based frequency domain features and use
backward elimination for feature selection and finally classify using SVM classifier.

Model D: Extraction of time-domain, frequency-domain and wavelet entropy features and feature
selection using genetic algorithm and finally evaluation using KNN classifier.

Model E: Extract two time domain and Renyi entropy, put the features into classifiers such as Park
Bayes, KNN and Decision Tree for classification.

Model F: Three time domain features, three frequency domain features and three nonlinear features
are extracted and classified using SVM classifier.

The comparison results are shown in Table 3. The specificity of model D reaches 99.54%, but the
sensitivity is only 80.32%. The classification accuracy, specificity and sensitivity of the model proposed
in this paper are 96.79%, 97.47% and 96.77%, respectively. Compared with other algorithms, the
model proposed in this paper, which analyzes the multi-scale features of the time series, achieves an
advantage in terms of accuracy and sensitivity, and by fusing and analyzing the features of ECG signals
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and cardiac sound signals, it adequately reflects the characteristics of the HRV changes in the heart
failure patients.

Table 3. Comparison of prediction models for heart failure

Model Accuracy rate Specificity Sensitivity
A 80.53% 87.35% 69.11%
B 87.35% 93.24% 77.43%
C 89.14% 95.08% 80.65%
D 92.19% 99.54% 80.32%
E 85.98% 79.43% 92.30%
F 90.11% 89.01% 90.18%
The proposed 96.79% 97.47% 96.77%

4. Conclusion

In this paper, we propose a Transformer-based heart failure prediction model to investigate its
performance level and practical application.

In the validation set, the model incorrectly predicts 13 normal samples as TWC, and TWC is also
confounded with the other seven types to varying degrees.The accuracy of the model on test set 1, test
set 2, and test set 3 reaches 94.33%, 87.47%, and 92.95%, respectively, which proves that the resulting
model has good generalization performance. On the four datasets, the highest average F1 score is
0.930, and the scores of AF, FDAVB, CRBBB, PV(C, and PAC are stable, and when the number of test
samples is increased to 7,200 (set3), the confusions between the Normal and TWC classes increase.

In practical application, the specificity of Model D among the six models reaches 99.54%, but the
sensitivity is only 80.32%. The classification accuracy, specificity and sensitivity of the model proposed
in this paper are 96.79%, 97.47% and 96.77%, respectively. Compared with other algorithms, the
model of this paper achieves an advantage in accuracy and sensitivity, and the difference of the three
indexes is small. The model in this paper fully reflects the characteristics of HRV changes in heart
failure patients through the fusion analysis of ECG signal and heart sound signal characteristics.
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