










was 167.4 ± 8.9 cm, their mean weight was 57.5 ± 10.2 kg. All subjects were healthy. 

None of them reported any history of myocardial infarction, diabetes, arrhythmia, 

alcohol abuse, epilepsy, and psychiatric illness.

3.2. ECG signal collection

In this study, 10-minute Ewing test is introduced, and ECG signal data is recorded 

simultaneously. The whole test contains 4-minute resting state, 1-minute deep 

breathing state, 1.5 minutes Valsalva test state and 2 minutes standing up state. There 

are 0.5-minute to relax among each state. ECG is recorded in a supine position by using 

three-limb ECG leads (ECG-B; SAYES, Shenzhen, China) through Red DotTM 

Ag/AgCl disposable electrodes placed under a sample rate at 500 Hz.

Subjects followed the prompts and did stimulation actions in Ewing test. ECG 

signals of subjects contained normal segments and abnormal segments. Normal 

segments of the ECG signal were able to detect R wave through KUBIOS HRV 

software (version 2.1, released by Biosignal Analytics and Medical Imaging Group) to 

calculate the HRV signal. Physical movement, baseline shifting or electrode shedding 

usually produces abnormal ECG signals. For example, in deep breathing state or 

standing up state, physical movement produced abnormal ECG signal. Abnormal ECG 

signal could not detect R wave through KUBIOS HRV software. The length of each 

segment of ECG signal was about 3 to 10 seconds. In the data collection process, ECG 

signal was detected as a normal or abnormal signal based on the entropy algorithm of 

normalized FDH in real time.

3.3. Results

20 normal ECG signals and 20 abnormal ECG signals judged by KUBIOS HRV 

software were detected by the entropy algorithm of normalized FDH in real-time in this 

experiment. The normal ECG signal waveform during normative Ewing test is shown 

in Fig. 1. The RR interval extracted from the R wave of ECG signal is shown in Fig. 2. 

From Fig. 2, we can know that the RR interval changed in different states of Ewing test, 

the length of RR interval cannot reflect whether ECG signal is normal or not. Therefore, 

entropy algorithm of the normalized FDH was better than the length of the RR interval 

to detect abnormal ECG signal.

Figure 1. Normal electrocardiographic signal waveform during normative Ewing test

Figure 2. The RR interval of the normal electrocardiographic signal during Ewing test
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Fig. 3 shows the effect of abnormal ECG signal detection based on the entropy 

algorithm of normalized FDH. Fig. 3 (a)-(d) show the detection effect of abnormal 

segments of ECG signal which were caused by physical movement. Fig. 3 (e)-(f) shows 

the detection effect of abnormal segments of ECG signal, which were caused by 

baseline shifting. Fig. 3 (g)-(h) shows the detection effect of abnormal segments of 

ECG signal, which were caused by electrode shedding. The waveforms marked in red 

represented abnormal segments of ECG signal. Abnormal ECG signal can be detected 

by the entropy algorithm of normalized FDH. Fig. 4 shows the abnormal ECG signal 

was incorrectly marked as normal ECG signal. The reason was the shape of abnormal 

ECG signal is approximate as the anterior normal ECG signal, the entropy of abnormal 

ECG signal was slightly less than the threshold.

Figure 3. Abnormal segments of electrocardiographic (ECG) signal detection based on entropy algorithm of 

normalized frequency distribution histogram. (a)- (d) Abnormal segments of ECG signal caused by physical 

movement detection. (e)- (f) Abnormal segments of ECG signal caused by baseline shifting detection. (g)-

(h) Abnormal segments of ECG signal caused by electrode shedding detection.

Figure 4. The abnormal ECG signal was incorrectly marked as normal ECG signal

Detectable rates result of abnormal ECG signal segments detection experiment, 

based on the entropy algorithm of normalized FDH during Ewing test, shown in Table 
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1. From the 20 subjects, ECG signals were divided into four types by KUBIOS HRV 

software: ECG signal (n=1200), abnormal segments ECG signal of physical movement 

(n=320), abnormal segments ECG signal of baseline shifting (n=102), abnormal 

segments ECG signal of electrode shedding (n=60). 
Table 1. Results of abnormal segments of electrocardiographic signal detection experiment 

Sample n Detectable rates 
Normal ECG signal  1200 90% 

Physical movement 320 92% 

Baseline shifting 102 88% 

Electrode shedding 60 95% 

The results table shows that (1) the detectable rates of normal ECG signal 

detection algorithm was 90%. (2) 92% of abnormal segments of ECG signal of 

physical movement were detected. (3) The detectable rate of abnormal segments of 

ECG signal of baseline shifting detection was 88%. (4) 95% of abnormal segments 

ECG signal of electrode shedding were detected. 

4. Discussion and conclusions 

As an effective tool to study autonomic function, Ewing test is widely used in 

measuring clinical cardiovascular autonomic reactivity. However, physical movement, 

baseline shifting or electrode shedding usually produces abnormal ECG signals. 

Therefore, it is important to detect abnormal ECG signal during Ewing test and prompt 

error when abnormal ECG signal is generated. 

In this study, we introduce a method based on the entropy algorithm of normalized 

FDH to detect abnormal segments of ECG signal during Ewing test. With the 

principles that the normalized FDH entropy of physical movement ECG signal was 

higher than normal ECG signal, the FDH of abnormal baseline shifting ECG signal 

deviated from the baseline, and the FDH of electrode shedding ECG signal was 

centered on the baseline, abnormal segments of ECG signal can be distinguished from 

normal ECG signal. This study used the entropy algorithm of normalized FDH to test 

ECG signal from 20 subjects during Ewing test. The detectable rates of abnormal 

segments of physical movement, baseline shifting, and electrode shedding are 92%, 

88%, and 95%, respectively. In the case of a false positive of the abnormal ECG signal, 

the entropy was slightly less than the threshold. To increase the detectable rate, 

threshold improvement is an appropriate way. 

In addition, the entropy algorithm of normalized FDH can detect abnormal ECG 

signal in real-time, this method has high detectable rates and efficiency. When the 

abnormal ECG signal was detected with this algorithm, subjects were guided to retake 

the abnormal states after the whole Ewing test, which can improve data availability. 

With the advantages of simple principles and efficient results, this algorithm was able 

to be widely used in abnormal segments of ECG signal detection during Ewing test. 

Further research may improve algorithms to diagnose heart diseases, such as 

arrhythmia and heart failures. 

X. Chen and R. Yang / Real-Time Detection for Abnormal Segments of Electrocardiographic Signal 889



References 

[1] J.G. Dijk, Heart rate variability testing, or listening to a conversation in a foreign language, Clin. Auton. 

Res. 13(5) (2003) 304-305.  

[2] D.J. Ewing, B.F. Clarke, Diagnosis and management of diabetic autonomic neuropathy, Br. Med. J. 

285(2) (1982) 916-918. 

[3] F.J. Wackers, L.H. Young, S.E. Inzucchi, D.A. Chyun, J.A. Davey, E.J. Barrett, R. Taillefer, S.D. Wittlin, 

G.V. Heller, Detection of silent myocardial ischemia in asymptomatic diabetic subjects: the DIAD 

study, Diabetes Care. 27(8) (2004) 1954-1961. 

[4] B. Alessandro, D.M. Simpson, N.C. Carvalho, A.R.S. Carvalho, Low-frequency heart rate variability is 

related to the breath-to-breath variability in the respiratory pattern, Psychophysiology. 51(2) (2014) 

197-205. 

[5] M. Kikuchi, A. Hanaoka, T. Kidani, G.B. Remijn, Y. Minabe, T. Munesue, Y. Koshino, Heart rate 

variability in drug-naïve patients with panic disorder and major depressive disorder, Prog. Neuro-

psychoph. 33(33) (2009) 1474-1478. 

[6] R.E. Kleiger, J.T. Bigger, M.S. Bosner, M.K. Chung, J.R. Cook, L.M. Rolnitzky, R. Steinman, J.L. Fleiss, 

Stability over time of variables measuring heart rate variability in normal subjects, Am. J. Cardiol. 

68(6) (1991) 626-630. 

[7] B.L. Henry, A. Minassian, M.P. Paulus, M.A. Geyer, W. Perry, Heart rate variability in bipolar mania 

and schizophrenia, J. Psychiatr. Res. 44(3) (2010) 168-176. 

[8] A.H. Kemp, D.S. Quintana, M.A. Gray, K.L. Felmingham, K. Brown, J.M. Gatt, Impact of depression 

and antidepressant treatment on heart rate variability: A review and meta-analysis, Bio. Psychiat. 

67(11) (2010) 1067-1074. 

[9] P. Esposito, R. Mereu, G.D. Barbieri, T. Rampino, A.D. Toro, P.H. Groop, A.D. Canton, L. Bernardi, 

Trained breathing-induced oxygenation acutely reverses cardiovascular autonomic dysfunction in 

patients with type 2 diabetes and renal disease, Acta Diabetol. 53(2) (2015) 1-10. 

[10] C.V. Russoniello, Y.N. Zhirnov, V.I. Pougatchev, E.N. Gribkov, Heart rate variability and biological 

age: Implications for health and gaming, Cyberpsychol. Behav. Soc. Netw. 16(4) (2013) 302-308. 

[11] P. Chalaye, P. Goffaux, S. Lafrenaye, S. Marchand, Respiratory effects on experimental heat pain and 

cardiac activity, Pain Med. 10 (2009) 1334-1340. 

[12] E.S. Prakash, P.N. Ravindra, Madanmohan, R. Anilkumar, J. Balachander, Effect of deep breathing at 

six breaths per minute on the frequency of premature ventricular complexes, Int. J. Cardiol. 111(3) 

(2006) 450-452. 

[13] F. Mahananto, T. Igasaki, N. Murayama, Potential force dynamics of heart rate variability reflect 

cardiac autonomic modulation with respect to posture, age, and breathing pattern, Comput. Biol. Med. 

64(1) (2015) 197-207. 

[14] F.J. Chin, Q. Fang, T. Zhang, I. Cosic, A fast critical arrhythmic ECG waveform identification method 

using cross-correlation and multiple template matching, IEEE Engineering in Medicine and Biology 

Society. (2010) 1922-1925. 

[15] J. Ruiz, E. Aramendi, S.R.D. Gauna, A. Lazkano, L.A. Leturiondo, J.J. Gutierrez, Distinction of 

ventricular fibrillation and ventricular tachycardia using cross correlation, Comput. Cardiol. 30 (2003) 

729-732. 

[16] R.S. Patil, J.G. Ghodekar, Artificial neural network based system using transform domain methods for 

ECG abnormality detection, Iete Tech. Rev. 21(6) (2015) 409-416. 

[17] S. Guiasu, Information Theory with Applications, first ed., McGraw Hill, New York, 1997. 

[18] R. Trandafir, Determination of a discrete distribution with given entropy, Oper. Res. 3(1) (2003) 41-46. 

X. Chen and R. Yang / Real-Time Detection for Abnormal Segments of Electrocardiographic Signal890



ECG Quality Assessment Framework by 

Using Attentional Convolution Neural 

Network 

Yanrui JINa, Zhiyuan LIa, Yuanyuan TIANa, Mengxiao WANGa, Xiaoyang WEIa, 

Chengliang LIUa,1 and Xiaoxue YANGb,2 
a

 State Key Laboratory of Mechanical System and Vibration, School of Mechanical 
Engineering, Shanghai Jiao Tong University, Shanghai 200240, China 

b
 Shanghai University of Finance and Economics, Shanghai 200433, China 

Abstract. ECG is an important means of diagnosis of arrhythmia. In daily health 

monitoring, serious noise pollution, reverse leads connection, and so on make 

cannot meet the requirements of subsequent automatic diagnosis. Thus, it is of 

great significance to further evaluate the ECG quality and screen out the ECG that 

meet the requirements of subsequent diagnosis. However, complex interference 

factors affect the quality of the signal and has brought the huge challenge to 

quality assessment. Additionally, the current algorithms depend on the wave 

detection, which also brings additional cumulative error. Meanwhile, the current 

algorithms cannot intuitively present the attention degree to ECG signals during 

the assessment process. This paper proposes a novel method (ACNN) for 

evaluating the ECG quality. ACNN directly targets the whole ECG signal and does 

not detect the waveform of the ECG signal. Then, ACNN uses convolutional 

blocks to extract the deep features and designs a novel attention layer to enhance 

the beneficial features of the results. Finally, the fully connected layer is employed 

for obtaining the final quality evaluation. Compared with existing methods, ACNN 

obtains better performance, with 100.0% sensitivity, 83.33% specificity and 98.0% 

accuracy, which shows ACNN can be applied in clinical scenarios. 

Keywords. Attention layer; Convolution block; ECG quality assessment 

framework 

1. Introduction 

Arrhythmias are the important type of cardiovascular disease, which leads to about 

31% of global deaths [1, 2]. Electrocardiogram (ECG) is utilized as a main noninvasive 

tool for detecting arrhythmia [3, 4]. However, in the actual signal acquisition process, 

the ECG signal is prone to be affected by serious noise pollution, lead drop, and 

incorrect placement of lead electrodes. At this time, the user should be prompted to 

resample in time, rather than input the signal into the subsequent automatic diagnosis 
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system for analysis, which will cause a waste of diagnostic resources. Therefore, 

accurate ECG quality assessment methods have attracted lots of attention in recent 

years. 

Generally, traditional machine learning (ML) algorithms and deep learning (DL) 

algorithms are there are two main methods for ECG quality assessment. Traditional 

ML algorithms need characteristics according to expert knowledge of artificial 

extraction [5-11], then the evaluation characteristics of input into the subsequent 

classifier to complete the quality evaluation of ECG signal. 

With the development of DL technology, many researchers have shown that DL 

algorithms can be based on many automatic feature extractions, greatly improve the 

ECG signal quality evaluation model of performance. Compared with traditional ML 

methods, DL algorithms can automatically acquire many features to represent signal 

quality. Nowadays, some researchers have utilized DL algorithms for assessment. Zhao 

et al. [12] proposed a new noise suppression method by using Convolutional neural 

network (CNN). Huerta et al. [13] used continuous wavelet transform for converting 

heart electric signal to measure and utilized the time-frequency representation into 

CNN to acquire efficient quality evaluation model. Zhang et al. [14] designed a new 

type of cascade CNN, which contained two parts: the first part is used for 

distinguishing the interference type and the second part is utilized for determining the 

interference degree, to complete ECG quality assessment. 

The current DL algorithms cannot intuitively display attention during the 

evaluation process, that is, the current researchers at home and abroad have not tried to 

study which parts of ECG signal the DL model focuses on to have an impact on the 

final quality evaluation. Therefore, the current DL-based quality assessment algorithms 

belong to completely black box model. This paper builds a novel attentional convention 

neural network (ACNN) for quality assessment, which is devoted to improving the 

quality assessment performance and studying the model interpretability to a certain 

extent. ACNN targets the whole ECG signal and does not detect the whole ECG 

waveform to avoid superposition error caused by waveform detection. 

2. Materials 

This paper assesses ECG quality from PhysioNet/CINC challenge 2011 

(Challenge2011) [15]. Each ECG recording in Challenge2011 are collected by 500 Hz 

sampling frequency and 16 bits resolution with 10s duration. All recordings are 

manually annotated by technicians, nurses, and volunteers with varying degrees of 

training, for more accurate labeling. Similar to literature [16, 17], data set A in 

Challenge2011 is used to verify the proposed quality assessment mode. In addition, 

ECG recordings in the dataset are uniformly segmented for obtaining the corresponding 

ECG, and the sampling length of each ECG signal is 4096 sampling points. The 

Challenge2011 dataset contains 225 electrocardiographic signals with poor quality and 

773 electrocardiographic signals with good quality. 
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3. Methodology 

3.1. Overview of ACNN 

Figure 1 represents the flow chart of ACNN in this paper. The acquired ECG signal 

from wearable device is directly input to the network input layer and then is fed into 

the construction of a complete quality assessment of ECG signals based on CNN and 

attention mechanism model, and then complete the quality evaluation of ECG signal. 

 

Figure 1. Overview of ACNN 

3.2. Overview of ACNN 

CNN was proposed in the article [18] and has been applied in medical applications [19-

21], fault diagnosis [22], and other fields in recent years. CNN can learn deep 

representation from labelled data and acquire deep features for classifying. Therefore, 

this paper utilizes CNN for extracting features. 

Attention mechanisms are commonly used in image analysis and natural language 

processing. Recently, the attention mechanism has also been widely used in medical 

diagnosis [23, 24]. However, we find that the use of attention mechanisms in ECG 

quality assessment have not been investigated by researchers. Therefore, this paper 

designs a novel attention mechanism combined with CNN to realize the ECG signals 

quality evaluation. Figure 2 illustrates the flow of the designed attention mechanism. 

 

Figure 2. The flow of the designed attention mechanism 

For a given input data X, as well as the input data through a series of convolution 

operation for gating characteristics of g. The gating feature g is to facilitate the co-

production of the corresponding attention weight in combination with X in the 

subsequent structure. Equation (1) and (2) represent that attention weights are obtained 

through a series of convolution operations using input data and gating features. It is 

worth noting that convolution operation is introduced here instead of other operations. 

On this basis, the output of the weight and dimension of the input data consistent 

attention and input data Elementwise operation, should be to obtain the final phase 

characteristics. 
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3.3. The Architecture of ACNN 

Figure 3 depicts the proposed the structure of the network. ACNN consists of four 

convolutional blocks, an attention layer, and a fully connected classification layer. 

Convolution block includes convolution layer and pooling layer. The convolution layer 

is mainly to various nonlinear data processing, and then to extract the ECG signal data 

contained in the deep hidden features. It is worth noting that since the ECG signal is a 

one-dimensional discrete signal, a one-dimensional convolutional layer is used here. 

Additionally, to simplify the model structure and improve training and testing speed, 

the pooling layer directly adopts the maximum pooling operation. Four convolutional 

blocks are applied for automatically extracting the deep feature, and many extracted 

deep features are input into the attention layer. The attention weight is used to multiply 

the deep features to highlight the significant features and relatively suppress the 

features that are not related to the final quality assessment task. Then, the weighted 

features are flattened and input into a fully connected layer for nonlinear processing to 

enhance the nonlinear characteristics of the features, and finally output to the classifier 

for classification. 

Finally, ACNN is trained by a workstation, which contains two NVIDIA GTX 

1080 GPUs. Further, this paper selects Adam optimizer [25] as optimizer and 256 as 

batch size. 

 

Figure 3. The architecture of the proposed ACNN 

4. Results and discussion 

In this paper, we randomly select 80%, 10% and 10% of the data in the Challenge2011 

dataset as the training set, validation set and test set. To further compare the 

effectiveness of the proposed ACNN, we compare ACNN with the latest existing 

methods. The same Challenge2011 dataset is used for comparison to allow for 

reasonability. In this paper, specificity, sensitivity and accuracy are utilized for 

evaluating the model assessment performance. 

4.1. Model Performance 

In comparison experiments, ACNN is compared with existing methods to verify the 

superiority of ACNN. Figure 4 indicates the comparison results with existing methods 

based on Challenge2011 dataset. From Figure 4 you can see, compared with the 

existing methods [16, 17, 26-30], ACNN creatively combines CNN with the attention 

layer, uses multi-layer convolutional layers to automatically extract many deep features, 

and enhances effective features and inhibits invalid features through the attention layer. 

After manual correction of wrong label, ACNN obtained better performance with 100% 
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sensitivity, 83.33% specificity and 98% accuracy, which indicates that ACNN have 

potential to practical application. 

 

Figure 4. Comparison results with the existing methods 

4.2. Model Interpretability 

The proposed attention layer is used to improve the model quality assessment 

performance, and to establish the relationship between the classification results and the 

ECG signals. Figure 5 shows the attention weight of the ECG signal. Compared to the 

ECG signals in other regions, the middle segment of the input ECG signal is most 

severely disturbed, and its waveform could not be applied in the subsequent analysis at 

all. The attention weight provided by the attention layer also shows the greatest degree 

of attention in this region, that is, enhances the features of this region. On the contrary, 

although the interference of ECG signals in other regions is not as great as that in the 

middle region, they are also greatly interfered, and the attention layer also shows a 

greater degree of attention.  

 

Figure 5. The effect of attention weights of ECG recording 

5. Conclusion 

This paper designs a relatively interpretable, automated, and accurate method for ECG 

quality assessment. ACNN uses CNN to extract deep representations from ECG signals. 

Additionally, this paper proposes attention layer to enhance the useful deep features 

and suppress the invalid deep features. Further, the attention layer can intuitively show 

the attention degree of the model to different time periods on the ECG signal. And then, 

by comparing with the existing methods, ACNN achieves better performance, with 

100.0% sensitivity, 83.33% specificity and 98.0% accuracy. Therefore, ACNN has 

superior quality assessment performance and a certain interpretability ability, which 

Sensitivity (%) Specificity (%) accuracy (%)

Liu et al. [26] 90.7 89.8 90

Maan et al. [27] 97 75.1 92.2

Johannesen et al. [16] 95 83.1 92.3

Hayn et al. [28] 96.1 84 93.4

Shahriari et al. [29] 83.9 77.7 82.5

Zhang et al. [30] 97.2 81.2 93.5

Liu et al. [17] 97.7 77.3 93.1

ACNN 100 83.33
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represents that it has the potential to be used as signal quality assessment system in 

clinical centers. 
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Abstract. Global warming brings negative impacts to people's lives. In order to 

explore the factors that contribute to global warming and predict temperature 

changes, engineering models using Long Short-Term Memory and Extreme 

Gradient Boosting algorithms were built. With the global year-average 

temperature data after preprocessing by Python, the mathematical models were 

computed to discover the factors that influence the global temperature change with 

temperature parameters and fluctuations of anomalies, including the global 

average temperature, carbon dioxide concentration, solar activity, etc. With the 

multi-variable linear differential equation, we conclude that the global climate is 

determined by a variety of factors. The results implied that a high concentration of 

greenhouse gases had a very limited impact on climate change, and solar activity 

had the greatest impact on global temperature. 

Keywords. Global warming, XGBoost model, LSTM model, gray correlation 

analysis, feature engineering  

1. Introduction 

Global change is the term used to describe worldwide changes in the functioning of the 

Earth system due to natural and human factors, including changes in atmospheric and 

ocean circulation, biogeochemical cycles, the water cycle, the carbon cycle, resources, 

land use, urbanisation and economic development. Global warming is a prominent 

symbol of global change, and the Greenhouse Effect, resulting from massive emissions 

of greenhouse gases caused by human activities [1]. 

    The causes of global warming include both natural factors and human activities. 

Solar activity, volcanic activity and multi-scale vibration within the climate system 

may affect global or regional temperature changes [2]. The influence of solar activities 

on climate change also includes ultraviolet radiation and solar magnetic field. One view 

is that with the solar activity cycle, solar irradiance changes little but ultraviolet 

radiation changes greatly, and the influence of ultraviolet radiation changes may be 

amplified through the absorption of the ozone layer in the middle atmosphere. Another 
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view is that cosmic rays contribute to the formation of condensation nuclei, and 

condensation nuclei can increase cloud cover [3].  

    Global warming is caused by human activities mainly through changes in the 

properties of the underlying surface, changes in certain components of the atmosphere 

[4], and anthropogenic heat release. However, natural factors have also had a great 

influence on the inter-annual temperature changes in the last hundred years [5]. 

    The essence of machine learning is to simulate human learning through computers to 

find and learn the hidden laws behind them from a large amount of data, so as to 

achieve the purpose of simulation and prediction [6]. It has been widely used in 

commercial fields such as search engines, machine translation, spam filtering, speech 

recognition and other commercial fields, and also provides new methods for academic 

research in climate research [7, 8] and other fields.  In recent years, with the increasing 

maturity of machine learning techniques, temperature prediction techniques based on 

machine learning have also been developed. 

    Long Short-Term Memory is a neural network that has the ability to remember long 

and short-term information. LSTM was first proposed by Hochreiter & Schmidhuber [9] 

in 1997 resulting in a more systematic and complete LSTM framework with the rise of 

deep learning. Another deep learning algorithm is XGBoost which was proposed by 

Tianqi Chen in 2016 [10] based on GBDT.  

    In the field of meteorology, Le [11] et al. achieved spatial and temporal prediction of 

air pollution at the second level with high accuracy by using LSTM with convolutional 

neural network to model a wide range of environmental variables. Nidhin [12] et al. 

constructed the ConvLSTMSR model by combining ConvLSTM with SR module to 

analyse the most climatically diverse India with better ability to predict extreme events. 

Seyed Matin Malakouti [13] used LSTM to predict the climate characteristics with a 

variety of LSTM types. Li [14] et al. combined three algorithms of linear regression, 

random forest and Extreme Gradient Boosting to establish a model for estimating 

biomass based on forest types. There are advantages in aboveground estimation, and 

the XGBoost and RF models significantly improve the estimation accuracy.  

    In order to further characterise the global warming scenario and to assist non-

specialists in understanding global climate change trends, we disucuss the global 

temperature change and the related factors affecting the temperature using LSTM and 

XGBoost based on feature engineering analysis and other models for mutual validation 

to provide some references to ameliorate the global climate change and to achieve the 

healthy and green sustainable development strategy. 

2. Methods 

2.1. Model Assumptions 

Suppose that the Earth's ecosystem can remain relatively stable in the future, and there 

will be no major or serious plate movements and geological activities. Assuming that 

there will be no major breakthroughs in human science and technology, and the main 

energy used in the future will still be similar to the existing energy sources. Assume 

that no new anthropogenic and non-anthropogenic factors affecting the Earth's climate 

will emerge in the short term. Suppose that the data used in this paper are true and 

reliable and can accurately reflect the rule of global climate change. 
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2.2. Data sources and Algorithm Models 

In order to make a comprehensive and detailed analysis of the global warming problem, 

we construct LSTM and XGBoost feature engineering analysis model based on 

temporal features to carry out controlled experiments. Visualisation of the data can lead 

to a clearer and more explicit conclusion related to global warming.  

    The datasets are the Berkeley dataset (http://berkeleyearth.lbl.gov/) and the NOAA 

dataset (https://psl.noaa.gov/data/) from which data on temperature changes in 100 

cities from 1833 to 2013. 81 of them are cities in the northern hemisphere and 19 are 

cities in the southern hemisphere. Some temperature data of some months or years is 

missing, and the Lagrangian interpolation method was used to interpolate the missing 

values. It is worth mentioning that there is a unit of measurement of temperature 

anomalies in meteorology as the distance level. The distance level is the difference 

between one of a series of values and the mean, divided into positive and negative. The 

mean temperature distance level is the difference between a series of mean 

temperatures and the total mean temperature. An increase in the mean temperature 

level is an indication that this difference has increased and that there is an anomaly in 

the temperature for the corresponding time period. 

2.3. Work flow of our works 

For LIST model, we standardize the data, build the model structure, define three LSTM 

layers, and output a fully connected layer. We adopt the average temperature of each 

month in the first 5 years as the input parameter of the model with the input dimension 

of (60, 1). 

    For XGBoost model, a feature engineering model based on time series and machine 

learning algorithm is designed. We take the average temperature of each month around 

the world to reflect the global temperature. Then we calculate the average monthly 

temperature values. To filter classification problems, machine learning strategies can be 

used. After filtering the collected data, we use the XGBoost algorithm in machine 

learning for testing.  

    About the realization in programming, the data set is read first, and then we use 

Tensorflow and Keras libraries in deep learning to predict it. The data sets are used for 

training and regression prediction. After that, the time series analysis is carried out to 

derive the model parameters and formulas. Finally, we compare the accuracy of the two 

models by calculating R2_score.  

3. Results 

With the LSTM model, the forecast results simulating the past temperature to predict 

the temperature from October 2022 to December 2100 are as follows (Fig. 1, Fig. 2):   
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Figure 1. LSTM's past temperature fitting map

Figure 2. LSTM's temperature forecast image

    The LSTM model is a very good fit to reflect the temperature change. According to 

the forecast results, the average monthly temperature in 2050 and 2100 will be below 

20 degrees Celsius. Using Python programming, the temperature around the year 2135

was predicted to reach 20 °C. The visualization results are as follows (Fig. 3):

Figure 3. The temperature prediction in 2135 with LSTM model

    For XGBoost feature engineering based on ARIMA, the system automatically 

searched for the optimal parameter based on AIC information criterion with the 

temperature variable. The model result was the ARIMA model (0,1,1) test table based 

on 2 different data (Fig. 4). 

Figure 4. The simulation results of ARIMA model

        Based on the time series-feature project, the searched data set is used. The 

prediction results are as follows (Fig. 5):
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Figure 5. The training effects of XGBoost model 

    After the training, we can get a more accurate estimate of future global temperature 

with the XGBoost algorithm. The prediction results are as follows (Tab. 1): 
Table 1. The prediction results with XGBoost model 

Date Time series Feature Engineering 

2050 15.205377 15.2560791 

2100 15.968084 16.0983494 

    It is concluded that the average temperature at the global observation point in 2050 

or 2100 does not reach 20.00°C. 

    Combining the running global temperature with future temperature projections, we 

can conclude that global temperatures have been and will continue to rise. 

4. Discus on 

According to the future global temperature forecast by LSTM and XGBoost feature 

engineering models, the global temperature will reach 20  around 2135. The 

temperature will not exceed 20  before then. Compared with model accuracy, the R2 

value of LSTM is 0.97, which is higher than 0.95 of XGBoost feature engineering. 

Therefore, LSTM has higher accuracy in long-term temperature prediction than 

XGBoost feature project. At the same time, both models confirm that global 

temperatures have been and will continue to rise. 

    Through the quadratic curve fitting of K sequence and E2 sequence, the resulting 

parameters are shown in Table 2, and the fitting degree is obviously high. It is clear 

that the last hundred years the CO2 concentration is relatively strict rise. This is very 

different from the wild fluctuations in temperature changes, that is, the effect of 

greenhouse gases on the climate will be much smaller than previously estimated. 

Although the greenhouse gases will contribute to global warming, it is not feasible to 

describe global temperatures in terms of greenhouse gas concentrations alone.    

Table 2. Concentration fitting table of greenhouse gas concentration growth curve 

parameters K E2 

R2 0.999 0986 

p 313.643 282.873 

a 0.012 00.083 

b 0.796 0.002 

    In addition to greenhouse gases, solar activity also has an effect on temperature. The 

influence of solar activity on global temperature is mainly reflected in the change of 

irradiance. To quantify the total solar energy received at the top of the atmosphere, one 

of the most commonly used metrics is total solar irradiance (TSI). Therefore, we use 

TSI as a variable and use TSI sequence to describe solar activity. We choose the T I 

sequence made by Kopp et al. (hereinafter referred to as T sequence for reference) and 

si
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the sequence made by ourselves as J sequence. Pearson coefficient was used to show 

the correlation between TSI and global temperature. Comparing T series and J series, 

the Pearson correlation coefficient of the two sequences was 0.540, indicating a certain 

correlation with global temperature change. Compared with solar activity, the Pearson 

correlation coefficient of J series and T series is 0.846, indicating a high correlation 

between TSI and global mean temperature. Since solar activity has a large influence on 

the global average temperature, it should be limited to about 11 years based on the 

results. At the same time, according to the solar anomaly sequence data from 1854 to 

2004, it can be found that the direction of J-M series and T-M series is the same in 

most areas, but the variation trend is slightly different in some areas, which may be 

affected by other factors such as geological activities. Using TSI to examine solar 

activity and discuss its relationship with global temperature changes, we can learn that 

solar activity has a high correlation with long-term changes in global temperature, and 

that solar activity has increased significantly over the past 100 years, which is 

consistent with global temperature increases. This suggests that solar activity has a 

significant influence on global temperature change. 

    The epidemic also has an impact on global warming. Energy-related CO2 emissions 

rose 6% to 36.3 billion tonnes in 2021, the largest year-on-year increase in energy-

related CO2 emissions on record. The 2021 rebound reverses a decline of nearly 1.9 

billion tonnes in emissions due to the 2020 pandemic. On top of this, CO2 emissions in 

2021 are about 180 million tonnes higher than pre-pandemic levels in 2019. As global 

warming worsens, massive emissions of greenhouse gases will reduce the benefits of 

previous carbon cuts. Therefore, we believe that while COVID-19 related shutdowns 

have mitigated global temperature change to some extent, the impact of subsequent 

resumption of work on global temperature change has not only made up for the reduced 

emissions during the pandemic, but the emissions will further exacerbate global 

warming. 

    Based on the analysis of the global surface air temperature and the CO2 

concentration TSI series in recent years, we draw a conclusion different from the 

traditional view: 

    (1) In the periodicity of global temperature, the current global temperature is at the 

peak of the wave and the change of global temperature in the last hundred years may 

not be caused by the increase of greenhouse gas concentration. 

    (2) Global climate is determined by a combination of factors, none of which can 

fully describe changes in temperature. 

    (3) Significant increases in greenhouse gas concentrations caused by human 

activities since the industrial revolution have had a very limited impact on climate 

change. It can neither determine the trend of global climate change nor fully describe 

global climate change. 

    (4) Solar activity has the greatest influence on global climate, and TSI has a strong 

correlation with the sliding average series of temperature. 

5. Conclusions 

In this paper, the LSTM and XGBoost feature engineering models were constructed for 

the prediction and analysis of global temperature from the perspective of global 

warming. It is concluded that the global temperature will not be more than 20 degrees 

before 2100, but the temperature will continue to rise. The mathematical methods and 

models used have undergone several iterations and the processing logic is excellent. 
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The use of Lagrange interpolation to interpolate the missing values in the data can 

improve the prediction accuracy of the data.  

    Based on the analysis results, we have found that emissions of greenhouse gases 

such as carbon dioxide were only part of the causes of rising global temperatures, and 

that solar activity has the greatest effect on global temperature. Other natural factors, 

such as geological and oceanic activity, also have some effect on temperature, but the 

effect cannot yet be estimated due to uncertainties. At the same time, the research and 

discussion in this paper is still incomplete. Although solar activity is strongly correlated 

with global temperature, there are still some periods unclear such as the negative 

correlation, moreover, the reasons for that are not yet known. Meanwhile, what effect 

CO2 concentration has on global temperature and how many other natural factors play 

roles in global temperature change need to be further discussed. 
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Abstract. Leveraging deep learning and vast clinical datasets can reveal crucial, 

previously indiscernible patterns in electrocardiogram (ECG) records, enhancing 

the diagnosis and assessment of cardiovascular diseases. In this study, we first 

construct a large-scale clinical 12-lead ECG dataset, then exploit the potential of 

deep learning models to analyze ECG data and identify a significant link between 

a patient's cardiovascular health and the discrepancy between their chronological 

(CHR) age and the age as predicted from ECG data.  Through analyzing ECG 

records, the research determines correlations between predicted ECG age and CHR 

age in different populations.  The results demonstrate ECG age is strongly 

correlated with CHR age only in the normal population, while the correlation is 

weaker in the cardiovascular disease population. Further analysis showed that 

when the ECG age is higher than the CHR age, the individual has a higher risk (the 

average is 1.64 times higher) of developing various types of cardiovascular disease.  

Conversely, if the ECG age is lower, they tend to have a lower risk (the average is 

0.72 times lower).  This evidence suggests that the difference between the ECG 

age and the CHR age can be viewed as a marker for cardiovascular health. 

Keywords. Electrocardiogram, Age prediction, Deep learning, Cardiovascular 

disease 

1. Introduction 

Electrocardiogram is the most commonly used non-invasive test for assessing 

cardiovascular disease (CVD). Cardiologists can infer whether a patient has a specific 

disease by analyzing feature points and waveforms in the ECG[1]. Although this 
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method is time-consuming and laborious, with the recent development of end-to-end 

models, efficient diagnosis of electrocardiograms with deep learning models has 

achieved great success [2-3]. However, ECG signals may often hide subtle signals and 

patterns that do not conform to traditional knowledge and are not recognizable to the 

naked eye [4]. Therefore, it is meaningful to use deep learning, along with large-scale 

clinical datasets, to explore information that is not intuitively reflected on the ECG and 

to analyze some features or knowledge not yet discovered by humans. 

It is known that neural networks can predict a person's age based on an ECG [5-6]. 

We assessed whether the discrepancy between the ECG age and the CHR age could 

represent the cardiovascular health status and be related to cardiovascular disease. We 

collected ECG test records from hospital emergency room visits over four years, 

retaining only one ECG record per patient to avoid "cross-contamination". We trained a 

model based on a one-dimensional convolutional neural network with 12-lead ECG 

signals as input and the patient's actual age as a label. The correlation between ECG 

age and CHR age in different populations was then evaluated in unseen ECG 

recordings, and the difference between the two was used as a marker of cardiovascular 

health. The groups with differences greater than 8 or less than -8 were used as 

experimental groups, and the group with differences between -8 to 8 as the control 

group. The relationship between the different types and heart disease was evaluated 

using relative risk and odds ratio. 

The experimental results show that among the normal population, there is a high 

correlation between the predicted age and actual age, while among the CVD population, 

the correlation between the predicted age and actual age is low. The risk of developing 

myocardial infarction, atrial fibrillation, and atrial flutter is 1.18, 1.37, 2.07, 1.64, and 

1.92 times higher, respectively, for individuals whose predicted age is 8 years older 

than their actual age than those with comparable predicted and actual ages. Conversely, 

individuals whose predicted age is 8 years younger than their actual age have 

respectively 0.96, 0.67, 0.61, 0.55, and 0.82 times the risk of developing ST-T changes, 

conduction block, myocardial infarction, atrial fibrillation, and atrial flutter than those 

with comparable predicted and actual ages. The conclusion is that the risk of 

developing cardiovascular disease is higher when the ECG age is higher than the CHR 

age, and lower when the ECG age is lower than the CHR age. There is a significant 

correlation between the difference in ECG age and CHR age, and cardiovascular 

disease. 

2. Methods 

2.1. Data Sources and Study Population 

We collected records of 12-lead electrocardiogram tests conducted at Shanghai First 

People's Hospital, affiliated with Shanghai Jiao Tong University, from January 2018 to 

March 2021, totaling 162,622 records. The ECG sampling rate was 500 Hz, with 

lengths ranging from 500 to 133,500. As shown in Fig. 1, we first excluded patients 

under 16 years old and over 90 years old and retained only one electrocardiogram 

record for patients with multiple cardiac examination records to avoid "cross-

contamination" when dividing datasets. Furthermore, we also discarded records with 

significant interference and invalid test results. Based on this, we divided the data into 

training and test sets at a ratio of 7:3. From the training set, we selected 10,000 records 
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for model verification, and the remaining records were used for model training. In the 

test set, we filtered out electrocardiogram records diagnosed by doctors as 

normal(NORM), ST-T change(ST_T), atrial fibrillation(AF), conduction block(CD), 

myocardial infarction(MI), and atrial flutter(AFL) for further analysis.

Figure 1. Clinical dataset inclusion and exclusion criteria.

2.2. Overview of Algorithm

Figure 2. ECG age predicted convolution neural network architecture.

We implemented a one-dimensional Resnet using the Pytorch framework [7]. For 

electrocardiogram samples in the training set, those shorter than 4096 are padded with 

zeros on both ends, and those longer than 4096 are truncated to get a fixed-length 

electrocardiogram signal, which is then fed into the model. The model's output is the 

predicted age for the record. As shown in Fig. 2, the model c comprises an initial 
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(n=32492)
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(n=86057)
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Model 
training 
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Model 
validation 
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Remove noisy, time-
poor records (n=1022)
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convolutional layer succeeded by five sets of residual structures, each embodying two 

convolution layers. After each convolution layer, batch normalization is applied to 

rescale the output and then goes through the Rectified Linear Unit (ReLU) as an 

activation mechanism, with Dropout applied after that. The convolution kernel size is 

17, with the five residual blocks having 64, 128, 196, 256, and 320 respectively, and 

the feature numbers are 4096, 1024, 256, 64, and 16 respectively. In the residual 

connections[7], max pooling and convolution with a kernel size of 1 are added to make 

the size match the signal in the main branch. Our approach makes use of the Adam [7] 

optimizer, which is applied with an initial learning rate set to 0.001, aiming at the 

minimization of the weighted mean squared error. During training, if the loss of the 

validation set does not improve over seven consecutive epochs, the learning rate is 

reduced by a factor of 10. With a total span of 50 epochs for the training, we opt for the 

model that exhibits the most superlative performance on our validation set throughout 

the optimization.  This chosen model is then deployed as our final one. 

2.3. Models Evaluation and Statistical Methods 

For the ECG records in the test set, we use the model to obtain their ECG age, then 

evaluate the correlation between ECG age and CHR age in different populations using 

the mean square error (MSE) and Pearson correlation coefficient(PCC), thereby 

indirectly assessing the accuracy of the model's predicted ECG age compared to the 

actual age. We assume that the disparity between the predicted ECG age and the 

chronologic age may serve as a biomarker for a cardiac condition, we will classify the 

disparity between the predicted ECG age and chronologic age into three categories: 

greater than 8, less than -8, and between -8 and 8. We used relative risk (RR) [8] and 

odds ratio(OR)[9] to assess the relationship between this cardiac status marker and 

cardio-related diseases. RR refers to the risk of disease occurrence in an exposed group 

relative to a non-exposed group in an experiment, calculated as RR= (incidence rate of 

the exposed group/incidence rate of the non-exposed group). OR refers to the chance of 

disease occurrence in the exposed group relative to the non-exposed group in an 

experiment, calculated as OR= (exposed number/non-exposed number in case 

group)/(exposed number/non-exposed number in the control group). In this study, the 

exposed groups refer to the two groups with age differences greater than 8 and less than 

-8, and the non-exposed group is the one with an age difference between -8 and 8. 

3. Results 

3.1. Age Estimation 

Since the ECG age predicted convolution neural network’s output is a continuous 

variable, we compute the statistics of the absolute error, as well as the population 

correlation. Fig. 3 illustrates a scatter plot of the ECG age vs. CHR age in various 

populations. For the test dataset, the average absolute error in the normal population is 

7.99±10.34 years, with a PCC of 0.80; in the population with ST-T changes, the 

average absolute error is 8.60±11.03 years, with a PCC of 0.76; in the population with 

conduction blockages, the average absolute error is 8.57±10.85 years, with a PCC of 

0.66; in the population with myocardial infarctions, the average absolute error is 

9.74±11.16 years, with a PCC of 0.62; in the population with atrial fibrillation, the 

Y. Tian et al. / Evaluate the Correlation Between Electrocardiogram Age and CVD908



average absolute error is 8.76±10.94 years, with a PCC of 0.38; in the population with 

atrial flutter, the average absolute error is 9.89±11.94 years, with a PCC of 0.38, as 

shown in Table 1. This suggests that although the model is trained uniformly across all 

populations when ECG age in different populations, the correlation and error between 

the predicted age and the CHR age are smaller in the normal population, but the ECG 

age and the CHR age of the population with CVD have a lower correlation and a larger 

error. 

 
Figure 3. ECG age vs. CHR age in different populations. The red line is the correlation fitting line. 

3.2. Diff-age as a Cardiovascular Marker 

Table 1. MAE, PCC, RR, OR values of ECG age and CHR age among different populations 

Population MAE PCC 
RR of ECG-
Age Exceeds 
CHR Age by 
>8 

RR of ECG-
Age Less 
Than CHR 
Age by 8 

OR of ECG-
Age Exceeds 
CHR Age by 
>8  

OR of ECG-
Age Less 
Than CHR 
Age by 8 

NORM 7.99±10.34 0.8 0.93 0.99 0.72 0.97 

ST_T 8.60±11.03 0.76 1.18 0.96 1.24 0.95 

CD 8.57±10.85 0.66 1.37 0.67 1.4 0.66 

MI 9.74±11.16 0.62 2.07 0.61 2.1 0.61 

AF 8.76±10.94 0.38 1.64 0.55 1.67 0.55 

AFL 9.89±11.94 0.38 1.92 0.82 1.92 0.83 

Based on the analysis above, we assume that there is a correlation between the 

difference in ECG age and CHR age, and CVD. As shown in Tab. 1, the risk of 

diseases such as ST-T changes, conduction block, myocardial infarction, atrial 

fibrillation, atrial flutter, etc., in those whose predicted age is 8 years older than their 

actual age, is respectively 1.18, 1.37, 2.07, 1.64, and 1.92 times as high as that of those 

whose predicted age is equivalent to their actual age. While for those whose predicted 

age is 8 years less than their actual age, the risk of such diseases is respectively 0.96, 

0.67, 0.61, 0.55, and 0.82 times of those of equivalent predicted and actual age group. 
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In addition, in several groups of people with cardiovascular diseases, the OR values for 

the group whose predicted age is 8 years greater than their actual age are all greater 

than 1, indicating a positive correlation, while the OR values are all less than 1 for 

groups of people whose predicted age is less than their actual age by 8 years, which 

shows a negative correlation. From this, we can reasonably speculate that the older the 

ECG age compared to actual age, the greater the risk of cardiovascular disease. 

Conversely, the younger the ECG age compared to the actual age, the smaller the risk 

of cardiovascular disease. 

4. Conclusion 

In summary, we explored the correlation between the difference in electrocardiogram 

age and actual age with several cardiovascular diseases. First, we built a real clinical 

dataset with ECG as the input and the actual age as the predicted value to train a deep 

learning model and then used this model to predict the ECG age on unseen ECGs. 

There is a strong correlation between the predicted age and the actual age in the normal 

population, but there is a smaller correlation and larger error in the population with 

cardiovascular diseases. The risk of cardiovascular diseases is higher in the population 

where the predicted age is 8 years older than the actual age and lower in the population 

where the predicted age is 8 years younger than the actual age. 
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Abstract. Automatic arrhythmia analysis techniques and QRS detection provide 

convenience for the prevention and diagnosis of cardiac disease. The existing studies 

generally study arrhythmia classification and QRS recognition separately, which requires 

two different models and may result in time and resource wasting. To realize the goal of 

arrhythmia classification and R-peak detection of electrocardiograms at the same time, we 

proposed a method for multi-class arrhythmia classification and R-peak detection method 

based on one-dimensional U-net with skip-connection and data augmentation. First, the ECG 

signals were preprocessed by filtering and segmentation, and the ECG annotations were also 

processed into pixel labels of equal length. Then, we applied data augmentation techniques 

such as changing gain, adding noise, and flipping signals up and down to increase the 

diversity of the data. Finally, a modified one-dimensional U-net with skip-connection layers 

was built to adaptively extract deep features and to detect the arrhythmia type and R peaks of 

ECG at the same time. We set up an 8-category experiment using five publicly available 

datasets, and the experimental results show that the macro average F1 value is 94.57%, 

which is over 4.3% and 3% higher than that of original U-net and the skip-connection U-net 

without data augmentation, respectively. Meanwhile, the F1 of R-peak detection is 99.64%. 

Keywords. ECG, arrhythmia classification, R-peak detection, 1-D U-net, data augmentation 

1. Introduction 
Cardiovascular diseases are one of the major diseases that threaten human life [1]. 

Therefore, a rapid and accurate diagnosis of arrhythmia is of great importance for the 

prevention and treatment of heart disease. The electrocardiogram (ECG) has been 

widely used for cardiovascular disease diagnosis as physiological signals generated by 

the heart’s excitement.  

In recent years, with the rapid development of artificial intelligence techniques, 

researches on arrhythmia classification methods based on machine learning continue to 

emerge. Compared to the limitations of traditional machine learning [2-4], deep 

learning always has better performance. Xu et al. [5] first divided ECG signals into 

single heartbeat and then use deep neural network (DNN) for end-to-end arrhythmia 

classification. Similarly, Acharya, et al [6] utilized a deep convolutional neural network 

(CNN) to automatically identify different categories of heartbeats in ECG signals. The 

division of a single heartbeat is simple, but it may cause the loss of the rhythm 
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information of the preceding and following heartbeats. To avoid this problem, L. -H et 

al. [7] proposed a novel classification method for arrhythmia that uses three-heartbeat 

ECG signals based on one-dimensional CNN. The rationale for using recurrent neural 

network (RNN) in ECG analysis lies on its ability to interpret the idea of time. They 

can hence learn complex temporal dynamics within time-varying data. In this way, Lu 

et al. [8] proposed a gated recurrent unit (GRU) and decision tree fusion model to 

explore the problem of arrhythmia recognition and to improve the credibility of deep 

learning methods. Luo et al. [9] proposed an arrhythmia classification method based on 

a hybrid convolutional recurrent neural network (CRNN) for the time-series signal of 

ECG. The above methods are used to identify ECG arrhythmia from a classification 

point of view. Importantly, the prediction models are based on ECG signal readouts 

with single arrhythmic conditions. However, there are always contain mixed 

arrhythmic conditions in real-life. Hence, Oh et al. [10] proposed an improved U-net 

model, which is usually used in the semantic segmentation domain to perform beat-

wise analysis of ECG segments of different lengths. Although the above methods 

provide some solutions for ECG arrhythmia diagnosis, there are still problems. For 

example, the input ECG signal of these models is usually one or three heartbeats. Even 

in [10], the ECG signals segment is only 2.7 seconds, which contains about three to 

five heartbeats. In the absence of fragmented rhythm information, certain arrhythmia 

categories may be difficult to classify, such as normal beats and atrial premature 

contraction. 

To solve such problem mentioned above, we propose an ECG arrhythmia multiple 

classification and R-peak detection method based on data augmentation and U-net with 

skip-connection, for convenience, we call it SDA U-net. In detail, we split the ECG 

signal into consecutive 30-second segments, introducing effective information among 

the segments while retaining the rhythmic information of the heartbeat. We verify the 

proposed method on five public datasets and the results show that the method has good 

performance in terms of precision, recall, and F1 score. 

2. Proposed Method 
2.1. Data Description 

The ECG arrhythmia recordings used in this paper are obtained from 5 public 

databases: St Petersburg INCART 12-lead Arrhythmia Database (INCART12) [11], 

MIT-BIH Arrhythmia Database (MIT-BIH) [12], Sudden Cardiac Death Holter 

Database (SCDHD) [13], MIT-BIH Long-Term ECG Database (MIT-BIH LTDB) [12] 

and European ST-T Database (ESTT) [14].  

We use the heartbeats processing methods in [15] as reference, the heartbeats are 

divided into eight classes and represented by eight labels. Table 1 shows the number of 

heartbeats of each type in the reconstructed database. 

Table 1. Number of heartbeats 

Type Number Our label Data label 
Baseline - BG - 

Normal 905679 N N 

Bundle branch block beat 62861 B L, R, B 

Atrial premature contraction 11273 A A, a, J, S 

Premature ventricular contraction 140508 V V, r 

Fusion of ventricular and normal beat 18433 F F 

Supraventricular escape beat 3518 AE E, j, n 

Ventricular escape beat 1248 VE E 

Question 27322 Q /, f, q, ?, 0 
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2.2. Data Preprocessing 

First, due to the sampling rate of the 5 datasets is different, we resampled all signals to 

200 Hz. The optimal lead of the multi-lead data is selected according to the criterion of 

minimum abnormal interference and the signal is as smooth as possible. For example, 

the lead of a raw ECG signal in MIT-BIH is {V5, II} shown in the left two blue signals 

in Figure 1, after the optimal lead selection algorithm, the sorted lead is {II, V5} shown 

in the right two red signals in Figure 1, in this case, the lead II is our selected signal. 

Second, we segment ECG signals into 30 seconds as one data sample. At the same time, 

ECG labels are also processed into pixel labels of equal length as shown in Figure 2. 

Specifically, we take the labeled peak R as the base point, then take the time before and 

after 0.1 seconds of R peak as the label of this beat. BG, N, B, A, V, F, AE, VE, Q are 

mapped to {0, 1, 2, 3, 4, 5, 6, 7, 8} as shown in Figure 2. During model training, the 

pixel labels are converted into one-hot labels. Third, we apply a 7-level wavelet 

transform with db6 to remove the electromyographic noise information and baseline 

drift of ECG data. Figure 3 shows the ECG signal comparison before and after filtering. 

Finally, the data set is divided according to the ratio of approximately 8:1:1 for the 

training set, validation set, and test set. 

Figure 1. The leads of ECG signal in MIT-BIH are sorted before and after 

 
Figure 2. The ECG signal and pixel label 

 
Figure 3. The ECG comparison before and after filtering, blue: before filtering, red: after filtering 

2.3. Data Augmentation 

To enrich the information of ECG data, we apply data augmentation before model 

training. Specifically, the data augmentation includes methods such as changing gain, 

adding noise, and flipping signals up and down as shown in Figure 4. The purpose of 

changing the gain of ECG signals is to avoid missed R peaks of small amplitude. The 

reason of adding noise is to enhance the robustness of the model. The signal is flipped 

up and down to enrich the data distribution of the data set.  
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Figure 4. The ECG after data augmentation, (a) raw ECG, (b) change gain, (c) add noise and (d) flip signals 

2.4. Model Build and Train 

U-net has been proved its superior performance in images segmentation processing 

[16]. We use U-net as the base network and make some improvements to get better 

results. Unlike 2-dimensional images, ECG signals are 1-D signals, so we build U-net 

with a 1-D layer. 

The model structure diagram is shown in Figure 5. As we can see, we add eight skip-

connections (black dotted lines in Figure 5) from the shallow layer to the deep layer of 

the model, and the skip-connections are directly added after the corresponding 

convolution layer. As we all know, spatial domain information is very important for 

segmentation tasks. However, the pooling layers in the encoder part of the U-net have 

reduced the feature map resolution to a very small size, which is not conductive to 

accuracy segmentation mask. Skips-connection can be used to introduce shallow 

convolution layer features with high resolution to reduce the information loss for a 

better segmentation mask. The input and output of the build model are both 1*6000. 

The model with the minimum loss during training is saved as the best-trained model for 

the next test process. 

 
Figure 5. The structure of 1-D SDA U-net 

3. Result and Discussion 

The test set is put into the trained model to judge model performance. The output of the 

trained model is the probability corresponding to the input, as is shown in Figure 6, and 

Y. Liu et al. / Multi-Class Arrhythmia Classification and R-Peak Detection Method of ECG Signal 915



we determine the label according to the set threshold, which is set to 0.5. Meanwhile, in 

order to detect the R-peak, we add the prediction probability of each category of 

heartbeat as the probability of R-peak and also use the threshold to determine whether 

it is R-peak. In this way, we can obtain both arrhythmia classification results and R-

peak detection results.  

 
Figure 6. The red line represents the ECG signal, and the blue line represents the one-hot labels of different 

categories 

The metrics of the proposed method on the test set are shown in Table 2. We also 

provide the comparison metrics of the original U-net and skip-connection U-net 

without data augmentation. From Table 2, we can see that all categories except Q 

showed significant improvement, especially the category of AE and VE using SDA U-

net (our method). Combined with data volume, we think data augmentation can 

improve the recognition effect of categories with little data volume by enriching data 

information. In conclusion, the macro average F1 of SDA U-net is over 4.3% and 3% 

higher than that of U-net and U-net with skip-connection, respectively. The R-peak 

detection (QRS) of the SDA U-net also outperforms U-net and skip-connection U-net 

without data augmentation. Thus, we can draw the conclusion that the skip-connection 

in U-net could increase the performance of U-net to some extent. In our opinion, this 

may be because the skip-connection could reduce the loss of feature information 

extracted from shallow convolution layers. What s more, the data augmentation could 

enrich the data distribution for better model training. 

Table 2. The comparison metrics of different methods (unit: %) 

 U-net U-net with skip-connection SDA U-net (Our method) 

Type precision recall F1 precision recall F1 precision recall F1 

N 96.38 97.51 96.94 97.71 96.61 97.16 97.01 97.31 97.16 

B 92.48 91.02 91.75 98.01 97.24 97.63 98.21 97.97 98.09 

A 75.79 70.11 72.84 85.64 77.27 81.24 87.78 80.97 84.24 

V 95.66 91.45 93.51 96.54 90.55 93.44 94.09 92.99 93.54 

F 88.54 77.21 82.48 92.82 83.79 88.07 92.97 91.36 92.16 

AE 89.64 90.51 90.07 95.95 95.29 95.62 96.42 96.46 96.44 

VE 90.04 90.11 90.07 93.81 92.69 93.24 96.38 95.92 96.15 

Q 94.99 96.29 95.64 94.75 93.02 93.87 94.84 93.12 93.73 

QRS 99.13 99.35 99.24 99.78 99.08 99.43 99.91 99.36 99.64 

Macro 

average 
91.41 89.28 90.28 95.01 91.72 93.30 95.29 93.94 94.57 
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4. Conclusion 

In this paper, an arrhythmia multiple classification and R-peak detection method based 

on SDA U-net with semantic segmentation was proposed. The application of semantic 

segmentation not only introduces effective information among the ECG segments but 

also retains the rhythmic information of the heartbeat. What’s more, data augmentation 

techniques also make the proposed method more robust and generalization performance, 

which has been verified on five public datasets. 

The validation of the methods presented in this paper is based on inner-patient analysis, 

and we will try more methods to explore more robust models for different databases in 

the future. 
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Abstract. Electronic health records (EHR) encompass extensive personal 

information, diagnostic records, and medical history, enabling the prediction of 

disease occurrence and mortality risk. The objective of this study is to predict 

myocardial infarction complications and assess the risk of death by comparing the 

performance of various deep learning models and traditional machine learning 

approaches. The findings demonstrate similar performance between two kinds of 

models in predicting complication. The DeepFM model is commonly employed 

for Click-through rate (CTR) prediction. To the best of our knowledge, this is the 

first application of the DeepFM model to the EHR domain, and we have 

demonstrated its exceptional predictive performance, achieving the accuracy of 

93.95%. Moreover, we further classify samples into low, intermediate, and high-

risk categories with high confidence. To comprehend these results, we conduct an 

interpretability analysis of the models' predictions employing SHAP values. This 

analysis involves ranking the significant features, and summarizing ECG-related 

features, which hold clinical decision-making revelance for clinicians. 

Keywords. DeepFM, multi-label classification, lethal risk assessment, SHAP 

value 

1. Introduction 

Coronary artery disease (CAD), also referred to coronary heart disease, is currently the 

leading cause of death among adults worldwide, and this trend is expected to continue 

over the next decade. However, despite many patients who die from coronary heart 

disease being previously diagnosed and treated, over 50% of sudden cardiac death 

cases occur without any clear history of coronary artery disease [1]. Current risk 

prediction models employed in conventional medicine for coronary heart disease, such 

as the Framingham Risk Score [1] and the Charlson Comorbidity Index [2] for cancer. 
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These indicators primarily address the long-term population-level risk of coronary 

heart disease. However, when it is not possible to measure biochemical markers such as 

troponin due to delayed presentation, data collected by wearable detection devices, 

including demographic information, electronic health records (EHR), and ECG 

patterns/conclusions, can be used to initially assess the patient's risk level for coronary 

heart disease.

In this work, we implement two main tasks. Firstly, we construct a multi-label 

classification model, and determine the ranking of influential features in predicting

myocardial complications. Secondly, considering the unique characteristics of tabular 

data, which consists of highly sparse and heterogeneous (categorical-continuous-

mixed) features, small sample sizes, and extreme values [3], we explore a new deep 

learning method DeepFM to predict the risk of death for patients and compare it with 

conventional machine learning methods. To the best of our knowledge, the DeepFM 

model is commonly used for Click-through rate (CTR) prediction, but few researchers 

have applied it in the disease risk prediction. This study facilitates the assessment of 

disease risks in cardiac patients and provides insights into the trajectory of disease 

prognosis.

2. Methodology

2.1. Multi-label Strategy

The objective of multi-label classification is to train a model on the training set

{( , ) |1 }i iD X Y i m� � � to represent the function mapping : 2h �� � [4]. The multi-

label classification problem is transformed into an optimization problem, where we 

seek to determine the weight values that minimize the average loss function for each 

label as expressed in Equation (1).

1 1

1
ˆarg min ( , )

n

q m

ik ik
j i

L y y
qm�� � �
		

n qm
                                                         (1)

2.2. DeepFM 

Deep learning architectures are specifically designed to incorporate inductive biases 

that align with the invariances and spatial dependencies present in the data. However, 

identifying the corresponding invariances in tabular data is challenging, making it 

difficult to find state-of-the-art deep learning models for prediction.

Linear models assume independence among individual features, disregarding the 

interrelationships between them. However, in practice, correlations among a large 

number of features are common. Moreover, medical electronic health records often 

contain high-dimensional sparse matrices, and directly modeling these matrices can 

result in heavy computational burdens and slow updates of feature weights.

Factorization Machines (FM) have the advantage of addressing both issues, as 

represented by Equation (2).

1 1

, ,
d d

FM i j i j
i j i

y w x V V x x
� � 


� 
 �		                                              (2)
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DeepFM model combines the FM model with a deep neural network[5]. As shown 

in Figure 1, the Wide & deep architecture of DeepFM includes an embedding stage 

and a feature interaction stage, allowing for simultaneous extraction of low and high 

dimensional features.  

 
Figure 1. Network architecture of DeepFM. 

3. Experiment Setups 

3.1. Dataset 

The Myocardial infarction complications Database (MIC)[6] was collected from 

Krasnoyarsk Interdistrict Clinical Hospital №20 named after I. S. Berzon (Russia) in 

1992-1995. The dataset comprises records of 1700 patients, including demographic 

information, medical history records, electrocardiogram measurements et al. The input 

features are heterogeneous, which contain 99 categorical features and 12 numeric 

features. The target labels consist of 11 types of complications and 1 lethal (death) 

outcome.  

3.2. Preprocessing 

Initially, a primary data cleaning strategy is implemented, which consists of two steps: 

removing features and samples with a high missing ratio. The present study employed 

the Predictive Mean Matching (PMM) imputation method to address the issue of 

missing values. Since tabular data often consists of both binary and numeric values, it 

is crucial to standardize the numeric features with Z-score normalization method. 

3.3. Implementation Details 

In the training process, the Matthews Correlation Coefficient (MCC) is utilized to 

choose the best threshold. Subsequently, a cross-validated grid search strategy is 

employed to select the optimal parameters for the machine learning model. The AUC 

ROC is chosen as the indictor to evaluate the performance of the cross-validated model. 

We use scikit-learn, pytorch and deepctr_torch to implement the models. All neural 

network architectures are trained by Adagrad optimization with binary cross-entropy 

loss. 
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4. Results 

Applying different machine learning method to the tabular data, the classification 

results can be evaluated through different metrics. Results of multi-label classification 

are revealed in Table 1, which traditional machine learning methods perform better in 

F1 macro and Jaccard macro. However, for Hamming loss and Accuracy, the NN 

model stands out.  

Table 1. Evaluation results of multi-label classification 

Model Hamming loss F1 macro Jaccard macro Accuracy 

BR-MultiNB 0.1386 0.2583 0.1548 0.2939 

CC-MultiNB 0.1427 0.2483 0.1500 0.2909 

LP-MultiNB 0.0967 0.1778 0.1092 0.3667 

MLKNN 0.0914 0.0649 0.0379 0.3697 

MLARAM 0.1265 0.0717 0.0446 0.1364 

BRKNNa 0.1258 0.1082 0.0625 0.2394 

BRKNNb 0.4687 0.1160 0.0644 0.0303 

MLSVM 0.1682 0.2061 0.1200 0.1576 

NN(MLP) 0.0788 0.0732 0.1024 0.4061 
The prediction results of whether patients have lethal risk of myocardial infarction 

is depicted in Figure 2. Each value represents the test score of the best model (on the 

validation set) obtained after a specific number of iterations in a random search. These 

values are extracted over 5 shuffles of the random search order. In comparison, 

DeepFM performs excellent with accuracy of 0.9395.  

 

Figure 2. Test accuracy of predicting in lethal outcome 

According to the recommendations in guideline [7] , the death risk levels of 

coronary heart disease are categorized into three levels: low risk, intermediate risk, and 

high risk. The risk thresholds are set based on the model's probability density plots on 

the validation set. As shown in Figure 3(a), a probability below 0.2 indicates low risk 

(+), a probability between 0.2 and 0.6 suggests intermediate risk (++), and a probability 

beyond 0.6 indicates high risk (+++). These findings indicate a positive correlation 

between increasing risk levels and higher mortality rates, which can be found in Figure 
3(b). 
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(a) (b) 

Figure 3. Lethal risk assessment by DeepFM model. (a) Probability density plots of training set. (b) Risk 

prediction results in test set. 

5. Discussion 

In addition to analyzing the prediction accuracy of classification models for different 

labels, it is also possible to further analyze the interpretability of the models. For deep 

learning methods, it’s usually hard to find the balance between accuracy and 

interpretability. Here, the SHAP (SHapley Additive exPlanations) [8] method is 

utilized to explain the input features, which is congruent with human intuition. The 

SHAP method should fulfill the addictive attribute as shown in Equation (3). 

 0
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( ) ( )
M

i i
i

f x g x x� �
�


 
� � 
	                                                            (3) 

The ( )g x
  signifies the explanation model that matches the original model ( )f x  when 

( )xx h x
� , where 0 ( (0))xf h� �  denotes the base value. 

As shown in Figure 4 SHAP values explain the contribution of each feature to 

the prediction of a given black box model. The bar charts of Figure 4(a) explain the 

impact of features on multi-label classification. Figure 4(b) depicts a beeswarm plot 

explaining the key feature influences for the lethal label. After inspection, the SHAP 

with NN model fulfills better the Equation (3), while the SHAP with RF model has 

larger error. Furthermore, we use force plots on individual cases to examine local 

interpretability of feature importance of the NN model, as shown in Figure 4(c). Taking 

the negative sample as an example, the base value of the model is 0.24, which signifies 

the average risk indicator and the threshold of MCC. The predictive value of the 

original model is 0.07, so this sample is documented as benign, and the feature AGE 

has negative feature contribution in this specific sample. 
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(c) 

Figure 4. Model interpretability. (a) Top 10 SHAP value for multi-label classification. (b) Top 10 SHAP 

value for binary classification. (c) Local interpretability (negative sample for upper while positive sample for 

lower). 

6. Conclusion 

While traditional machine learning methods are commonly used for tabular data, this 

study aims to investigate the performance of various deep learning models in predicting 

the risk of Myocardial infarction complications. In terms of multi-label classification, 

some evaluation metrics of the NN model are surpassed by traditional machine learning 

methods, but overall performance is similar. In binary classification, the DeepFM 

model proposed in this study exhibits higher accuracy in predicting myocardial 

infarction samples with potentially lethal risks in this dataset. In addition, this study 

conducts interpretability analysis of the models, thus dispelling the opaque nature of 

deep learning models, thereby facilitating future research on the deep integration of 

ECG signals. 
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Abstract. Organoids, as a novel in vitro drug screening platform, have received 

widespread attention due to their relevance to clinical research as they are derived 

from patient samples. Lung cancer organoids are categorized into two subtypes: 

EGFR mutation type and EGFR wild type. EGFR mutation lung cancer organoids 

exhibit better therapeutic effects with tyrosine kinase inhibitors (TKIs), whereas 

EGFR wild type lung cancer organoids have better responses to chemotherapy 

drugs. However, the current lack of a microfluidic chip capable of identifying 

EGFR mutations in lung cancer organoids and testing their drug response poses a 

challenge. To address this, we have developed a dual-functional chip that 

streamlines EGFR mutation identification and drug testing in lung cancer 

organoids. This method not only reduces time and cost but also enhances drug 

screening efficiency. 

Keywords. microfluidic chip, drug response, organoids 

1. Introduction 

Organoids, which preserve the specific matrix of pathological patients and retain the 

cellular structures and molecular characteristics of tumor tissues, are widely recognized 

as reliable drug platforms. 1,2 They can be maintained long-term, making them useful 

for effective drug testing and individualized drug development. 3 

However, there are limitations in terms of variability and scalability in organoid 

culture on traditional platforms such as Petri dishes, including lack of vascularization4, 

limited scalability5, and technical difficulties in handling6, making high-throughput 

drug screening for lung cancer organoids challenging. To address these issues, 

researchers have turned to microfluidic technology, which offers precise control over 

organoids7-9, dynamic physical conditions10,11, and homogeneous culture within 

microchambers12-15.  Although some high-throughput microfluidic platforms have been 

developed for organ-on-a-chip drug response assays, there are still limitations that need 

to be addressed. These include the lack of identification functional areas resulting in a 

longer and more labor-intensive drug response testing process, the single drug 

administration mode on these platforms, and the lack of integration with subtype 

identification for drug screening. 
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In our study, the identification and drug response testing of lung cancer organoids 

on a chip were achieved. The organoids' single cells were captured and identified in 

situ using a single-cell trapping module. Based on the identification results, 

corresponding drugs were added to the drug injection module to complete the final 

drug response testing of lung cancer organoids. This study has enhanced the efficiency 

of drug response testing, reducing the required time and workload. 

2. Methods 

2.1. Fabrication Process of DF-Chip 

The DF-Chip is composed of three tightly bonded layers of PDMS. Through traditional 

photolithography technology, the mold of the drug injecting layer with a thickness of 

200 μm is obtained by photolithography on the SU-2075 negative photoresist mask. 

The template for the cell loading layer is prepared using ICP technology and two 

overlay mask lithography techniques, with PDMS molds used for fabrication. Finally, 

the three layers are tightly bonded together through plasma treatment. 

2.2. Establishment of PDOs 

The postoperative clinical specimen was cut into 1-3 mm3 pieces, digested with a 

digestion solution at 37 ℃ for 1.5 h, and then the digestion was stopped with FBS. The 

cell suspension was obtained by filtering it through a 70 μm filter, and the red blood 

cells were lysed using a red blood cell lysis solution. The cells were then suspended in 

a mixture of PDO medium and an ECM solution with double volume and injected into 

the cell loading layer, where they solidified for 30 minutes. PDO culture medium was 

added to the drug injecting layer. After a period of cultivation, the establishment of a 

PDO is completed. 

3. Results and Discussion 

To achieve the identification of EGFR mutations in lung cancer organs and drug 

response testing, a dual-function microfluidic chip (named DF-chip) was invented as 

shown in Figure 1. Figure 1a shows the three-dimensional image of the DF-chip, which 

consists of three layers: the drug injecting layer, the cell loading layer and the glass 

substrate. The drug injecting layer is used for injecting organ culture medium, drugs, 

and cell dyes; the cell loading layer is used for cell capture and cultivation; and the 

glass substrate supports the entire chip. The physical photo of the chip is shown in 

Figure 1b, with the drug injecting layer filled with blue and the cell loading layer filled 

with red. The DF-chip mainly consists of two functional modules: the single-cell 

trapping module (Figure 1c) and the drug injecting module (Figure 1d). The single-cell 

trapping module consists of 6 rows, with 100 trapping sites in each row, totaling 600 

trapping sites. It is used to capture single cells from the organ and perform in-situ 

staining and EGFR mutation identification. The drug injecting module is composed of 

7 spiral channels and can be controlled by valves for the addition of drugs in a fixed 

proportion or without mixing. 
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Figure 1. Design of the DF-chip. a 3D display diagram of the chip. b Photograph of the physical chip. c 

Overall display diagram of single cell trapping module. d Overall display diagram of drug injecting module.

To achieve the true capture of single cells in Organoids, the dimensions of the 

single-cell trapping module need to be precisely designed, as shown in Figure 2a. The 

width of the single-cell flow channel and the width of the single-cell trapping sites are 

both 30 μm, while the length and width of the cell trapping site are both 5 μm. The 

actual photo 

Figure 2. Design of the single cell trapping module. a The photo of single cell trapping. b Detailed 

dimensions of the single cell trapping module. c The relationship between the cell trapping efficiency and the 

flow rate. Scale bars: 30 μm.
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of cell trapping is shown in Figure 2b, where cells are successfully trapped by the cell.

Figure 2c shows the relationship between cell trapping efficiency and flow rate. As the 

flow rate increases from 1 μl/min to 3 μl/min, the cell trapping efficiency improves. 

However, when the flow rate exceeds 4 μl/min, the cells deform and pass through the 

trapping site, resulting in a decrease in cell trapping efficiency.

In order to ensure the stable operation of the DF-chip, the design and arrangement 

of the valve structure should be reasonable. Figure 3 shows the valve arrangement of 

the DF-chip, with the valve-controlled channels located in the single cell trapping 

module on the Drug injecting layer, and the opposite arrangement in the Drug injecting 

module. The opening and closing of the valves respectively control the flow and 

interruption of the channels, thereby achieving the programmable operation of the DF-

chip.

Figure 3. The valve arrangement of the DF-chip.

The functional status of the DF-chip is demonstrated by the patient-derived 

organoids (PDOs). The PDOs were obtained from clinical samples and cultured in the 

DF-chip. The molecular characterization of the organoids is shown in Figure 4. 

Unstained images displayed the growth status of the organoid. Blue fluorescent images 

showed the cell count of the organoid cluster, and green fluorescent images 

demonstrated the successful establishment of lung cancer organoids by indicating the 

staining of Cytokeratin 7.

Figure 4. Staining image of PDOs. Scale bars: 100 μm.

Based on current methods, organoids are primarily identified through organoid 

staining. Although organoid identification results have not been obtained yet, single-

cell trapping of organoids has already been achieved from the current experimental 

results, allowing us to obtain identification results through in situ staining. In the 

current stage, lung cancer organoids have been cultured on chips to lay the foundation 

for obtaining drug response test results. In the upcoming experiments, the focus will be 

on in situ staining identification of organoids and drug response tests, which holds 

great promise for completing the entire study based on the current experimental results.
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4. Conclusions  

In our study, the identification and drug response testing of lung cancer organoids on a 

chip were achieved. The study introduces a dual-function microfluidic chip for the 

identification and drug response testing of lung cancer organoids, which has the 

following advantages: 1) It enables the capture and identification of lung cancer 

organoid single cells within the chip; 2) It includes two drug administration modes for 

switching and adding different drugs; 3) It integrates the identification and drug 

response testing of lung cancer organoids, reducing time consumption and enhancing 

drug screening efficiency. 
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Abstract. Deep learning is important for early warning of Alzheimer's disease in 

imaging histology studies. In order to realize the early warning of medical images 

based on deep learning models, traditional machine learning and deep learning 

models as well as techniques such as confusion matrix and ROC are combined to 

complete the model classification situation evaluation function, and finally 

visualize the results of deep learning VGG outperforming the effect of traditional 

machine learning models. The conclusion of the deep learning VGG model shows 

that the deep learning model is feasible or meaningful after certain pre-processing 

and in early Alzheimer's disease image classification, and has an important role in 

early medical image recognition of certain diseases. 

Keywords. Machine Learning, classification, deep learning, confusion matrix, 

Alzheimer’s disease  

1. Introduction 

Alzheimer's disease is a common progressive neurodegenerative disease of the central 

nervous system, with clinical symptoms such as progressive memory loss, cognitive 

decline, and mental and behavioral abnormalities. Alzheimer's disease is a 

neurodegenerative disease that is clinically characterized by progressive cognitive and 

memory impairment. It is a complex progressive neurodegenerative disease affecting 

approximately 14 million people in Europe and the United States, including almost 

one-half of the population aged 85 years (43%)[1-3]. 

    It is well known that Alzheimer's disease is currently a neuroglial inflammatory 

disorder involving association with amyloid plaques. The associated pathomechanism 

explains that microglia is usually associated with specific plaque types that can be 

explained by characteristic formation mechanisms [4]. The common machine learning 

models can be used for classification. Deep learning is the extend function based on 
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machine learning. Machine learning allows us to classify types of diseases that are 

close to each other in terms of a parametric factor [5, 6]. 

    Confusion matrix is a matrix showing the predicted and actual classifications [7]. It 

is an important evaluation indicators in machine learning, and can be seen quite 

visually model performance in a certain type of data [8]. The logistic function is 

originally designed to be used in population growth [9]. Later on, it is gradually used to 

solve the machine learning approach of correlation binary classification, which is used 

to estimate the likelihood of a certain thing [10]. 

    Support vector machines are machine learning models which can be applied to 

continuous, binary, and categorical outcome type problems [11]. Naive Bayes utilizes 

Bayes' law and a strong assumption that the properties of a given class of data are 

conditionally independent, and it is widely used in the field of machine learning [12]. 

The nearest neighbor algorithm uses the K-nearest pattern label in the data space as the 

local feature of the model [13]. 

    Visual geometry group (VGG) network is one of the commonly used pattern 

recognition models in computer vision, and it has been verified in the previous years 

that it has a certain effect on the recognition of objects in static images [14]. The use of 

a small convolutional filter structure for enhancing the depth of the network shows that 

improvements to the existing technical configuration can be achieved by adding a 

depth of 16-19 layers to the weight hierarchy [15]. 

    To address degradation issues, ResNet network introduces a deep residual learning 

approach to simplify the training of deeper networks [16]. 

    In machine learning, we will classify the classification problem in more than two 

categories, called multi-classification problem; when we need to compare performance 

metrics between multiple methods and models, a qualified performance metric is 

useful, and many metrics can be used when testing the capability of a multi-

classification classifier [17].     

2. Methods 

2.1. Data sources and Algorithm Models 

The dataset is from Kaggle group which is consists of MRI images, and all images are 

resized into 128*128 pixels. The dataset has a total of 6400 images and is divided into 

four types: Mild Demented, Moderate Demented, Non Demented and Very Mild 

Demented. Data was collected from several website, hospitals, public repositories. And 

at last these data are preprocessed in advance to facilitate subsequent processing. The 

sources of the dataset can be gotten from webs 

(https://www.kaggle.com/datasets/jboysen/mri-and-alzheimers; 

https://catalog.data.gov/dataset/alzheimers-disease-and-healthy-aging-data) [18]. 

    In order to test the efficient of the different algorithms for the classification of the 

imaging, we use a variety of machine learning and deep learning methods to classify 

early medical images. The algorithms includes support vector machine, random forests, 

K-nearest neighbors, Naïve Bayes, logistic regression, VGG and ResNet.  

    Support vector machine can perform nonlinear classification through kernel method 

[11]. Random forest is the extension of decision tree algorithms. In the feature space, if 

most of the k nearest samples near a sample belong to a certain category, then the 

samples also belong to that category, that is K-nearest neighbors [13]. Bayesian 
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classification algorithm is a statistical classification method that utilizes probability and 

statistical knowledge for classification, Naïve Bayes is an algorithm formed based on 

this method [12]. Through logistic regression analysis, the weights of the independent 

variables can be obtained.  

VGG network is a convolutional neural network, and it is often used to extract image 

features [14, 15]. In order to compare, ResNet50 networks execute the same operation. 

AdaDelta, Adam, AdaMax, and Nadam are four adaptive learning rate algorithms 

[19]. These algorithms are commonly used in neural networks to address the issue of 

vanishing learning rates and improve training performance. AdaDelta is a modified 

version of the AdaGrad method. Adam, short for adaptive moment estimation, 

combines gradient descent with momentum and RMSProp. AdaMax is a variant of 

Adam that uses the L∞ norm instead of the L2 norm to calculate the gt term. It also 

includes the same update equations as Adam, with slight modifications. Nadam, or 

Nesterov accelerated adaptive moment estimation, incorporates Nesterov accelerated 

gradient into Adam. These algorithms have different hyperparameters, such as learning 

rate (η), momentum term (β1), RMSProp term (β2), and ε. The information also 

provides details on the training time, memory utilization, and accuracy of these 

algorithms on a test set. 

 

2.2. Work flow of our works 

First, we collected fMRI images from open source dataset about early-stage 

Alzheimer's disease. The data has four classes of images both in training as well as a 

testing set: Non Demented, Mild Demented, Very Mild Demented, and Moderate 

Demented. The dataset contains a total of 6400 images. The dataset is listed above, and 

we adopt some of them as the test samples. 

    Then, about the computing and programming, we used the Python as surrounding, 

except the basic libraries, we use the sklearn-kit to normalization the images, and then 

structured some basic models by logistic, support vector machine, Naïve Bayes, K-

nearest neighbor, VGG and ResNet. Both machine learning and deep learning are 

utilized to ensure that the results are convincing.  

    Finally, we continuously adjusted and optimized some parameters of the models. By 

the basic results we conclude that deep learning models work better than machine 

learning models on early Alzheimer's classification problems, even some machine 

learning models even make mistakes. 

    In the final results, we can observe each model through the graphs of confusion 

matrix and ROC curve, and we can roughly estimate the classification effect of the 

relevant models.

3. Results 

In detailed of the data processing, the image data was first divided into four types 

according to the early, middle, late and later stages. We resized them into 126*126 

sizes, and divided them into test sets and training sets according to the ratio of 3:7 after 

entering each model method.  

About the model building, we used Pytorch architecture [20] to build VGG16, 

VGG19 networks and used scikit-learn library [21] to build machine learning methods. 
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All the results can be finally visualized by matplotlib function library. By the 

programming, the final confusion matrix of every model was normalized. The 

corresponding python packages contain functions for pre-processing the data and 

methods for related operations. 

    Finally we got the confusion matrix for each model and the ROC curve for each 

model predicting each class. The results of the confusion matrix and the ROC curve 

were listed below after the normalization process (Fig. 1, Fig. 2). The worst 

performance of the different models in the test sample is the Naïve Bayes. 

The confusion matrices of VGG16 and VGG19 were different (Fig. 3), but they had 

the similar accuracy and loss (Fig. 4). Meanwhile, ResNet50 was introduced to 

compare with VGG. We list the score in all the models (Tab. 1). 

 
 

Figure 1. Confusion matrix results in models 

 
Figure 2. ROC curve results in models 
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Figure 3. Confusion matrix results of VGG16 and VGG19 

 

 
Figure 4. Accuracy and loss results of VGG16, VGG19 and ResNet50 

 
Table 1. Score in Models 

 SVM KNN RF Naïve Bayes Logistic DT VGG ResNet50 

Accuracy 0.57 0.65 0.66 0.50 0.59 0.57 0.90 0.92 

F1-Score 0.55 0.65 0.64 0.37 0.56 0.57 0.89 0.93 

Recall 0.57 0.50 0.66 0.50 0.59 0.57 0.89 0.92 

Precision 0.56 0.72 0.67 0.40 0.57 0.57 0.90 0.93 

4. Discussion 

In the processing of our models, we find that the classification effect of the models is 

not very good when the data size is small. With the increasing of the size of the data, 

the classification of our models can achieve better results. Therefore, it can be proposed 

that machine learning and deep learning are all data-based training methods, and a 

certain effect can only be seen when a certain amount of data is available. In our 

models, we didn’t do the strengthening of data which can also bring good effect for the 

models.  
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    From the results of the confusion matrix, the models of support vector machine, 

logistic, K-nearest neighbors, decision tree and random forest finished the classification 

of the imaging data although the values of different models are different which implies 

that the algorithm express the basic functions. But the results of plain Bayes are worse 

than those of several other methods and models. 

    From the results of the ROC curves, the models of support vector machine, logistic, 

K-nearest neighbors and random forest got the efficient results. The decision tree got 

worse results than others. The  Naïve Bayes is the worst same as the confusion matrix 

which implied that the Naïve Bayes didn’t suit for these MRI imaging classification 

because Naïve Bayes demands individual features to be independent of each other in 

the calculations. Meanwhile the results implies that too little training data for some 

categories can also lead to worse classification results in the end. 

    The reason why such a problem occurs, we suspect that the amount of the model 

data is the main reason in the process of training in some, which resulted in the results 

of the training without achieving a satisfactory effect.  

    And through the final results, it is found that the results of the deep learning model 

are slightly improved compared to the traditional machine learning methods. 

5. Conclusions 

In this paper, we try to use traditional machine learning models and deep learning 

models for early medical image classification of Alzheimer's disease. In order to 

provide more methods for image classification in the clinical application, we used 

support vector machine, random forests, K-nearest neighbors, Naïve Bayes, logistic 

regression, and VGG networks to test the classification function. We computed the 

confusion matrix and ROC curves for all the models to demonstrate the effects of the 

models. 

    By the comparing of different models with confusion matrix and ROC curves, we 

found that most of the classification algorithm model could achieve the function with 

different effects. Data factors may lead to these reasons, and in the future, this result 

can be tested through a larger amount of data. 
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Abstract. Acute myocardial infarction (AMI) is a kind of heart disease with a high 

mortality rate and easy to ignore the early symptoms. Patients need to obtain 

timely and accurate diagnosis at the onset of the disease. Automatic ECG 

diagnosis based on deep learning method is significant for treating such patients 

because of its timeliness and ease of use. However, the "black box" nature of deep 

learning methods affects the confidence of doctors and patients and seriously 

restricts the popularity of its clinical applications. Therefore, it is necessary to 

study its explainability. This paper uses a residual neural network to realize the 

end-to-end diagnosis of myocardial infarction disease in a 12-lead 

electrocardiogram. By designing a specific data processing method, the residual 

network is used to preserve the characteristics of the feature time order. With the 

time attention mechanism, we can realize the interpretability of the channel 

between 12 leads and the time interpretability of the signal segments in each lead. 

This study reveals the reliability of deep learning methods in clinical Settings. 

Keywords. ECG; Residual neural network; Acute myocardial infarction; 

Interpretability 

1. Introduction 

Heart disease is one of the most common causes of death worldwide [1], and many 

specific causes of death are cardiogenic shock after acute myocardial infarction [2]. 

Acute myocardial infarction is the mass death of cardiomyocytes caused by ischemia. 

Most of the attack scenes are outside the hospital, and patients easily ignore it in the 

initial stage. Therefore, there is an urgent need for an automated diagnostic system that 

is independent of doctors and recognized as reliable to diagnose the occurrence of acute 

myocardial infarction. 

Many researches focus on the automatic diagnosis algorithm of electrocardiogram, 

among which the traditional machine learning classification algorithm starts early. The 

principle of this method is to manually screen the representative features of the 
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electrocardiogram of various diseases and use it as the basis for automatic diagnosis. 

For example, Kropf [3] selected 380 different features of ECG signals as the basis for 

classifier training through research, distinguishing normal ECG, noise signals, atrial 

fibrillation and other arrhythmias. Limited by the complexity of feature selection, 

traditional machine learning algorithms can diagnose fewer types of diseases with low 

accuracy. They can only be used as auxiliary tools in doctors' diagnoses. In recent years, 

deep learning algorithms have begun to be applied in ECG diagnosis. Network models 

such as CNN [4] and residual network [5] have excellent performance in diagnosing 

disease types and accuracy. Many studies have focused on detecting myocardial 

infarction [6-7], and network models such as CNN, RNN, and ResNet have been used. 

However, compared to machine learning methods based on fixed features with clear 

meaning [8-9], doctors and patients often consider deep learning methods "black 

boxes" [10], and their reliability at the medical level has been widely questioned. 

Therefore, the interpretability of the ECG deep learning diagnosis methods have begun 

to be studied [11], which is significant for its clinical application and popularization. 

In this study, we designed an interpretable residual neural network that 

demonstrated excellent performance in experiments using data from patients with prior 

MI. The network structure's unique design enables the channel's interpretability 

between 12 leads and the time interpretability of the signal segments in each lead to be 

realized simultaneously through the attention mechanism. 

2. Methodology  

2.1.  Data Processing and Data Set Partitioning 

The ECG data used in this paper are from the PTB Diagnostic ECG Database[12-13]. 

The database contains 549 15-lead electrocardiograms with a sampling frequency of 

1000. This study uses 98 ECG records with former MI, including ordinary ECG 

without AMI and ECG of six kinds of AMI. Figure 1 (A) shows the data distribution. 

The number of data in the original database needs to be bigger, and the inconsistent 

data length is not conducive to batch processing. Therefore, we chose to enhance the 

original data and split the original data into 2.5 seconds (2500 data points), as shown in 

Figure 1 (B). The enhanced data set contains 4003 12-lead ECG data of 2500 data 

points in length, and Figure 1 (C) shows its data distribution. This study aimed to 

analyze the interpretability of 12-lead myocardial infarction electrocardiograms, and 

the experiment was designed with the option of conducting an in-patient experiment, 

i.e. the training set and the test set could be derived from parts of the same raw data. 

Therefore, we randomly extract 80% of the data set as the training set, 10% as the 

verification set, and 10% as the test set. 
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Figure 1. Data distribution. 

2.2. Neural Network Architecture 

As shown in Figure 2, we designed a neural network consisting of pre-processing, 

preliminary feature extraction layer, residual network, attention layer, and fully 

connected layer, as shown in Figure 2 (B). 

 
Figure 2. Network architecture. 

The input to the network is a 12-lead electrocardiogram fragment. The pre-

processing layer splices the 12 channels of ECG fragments into one channel in 

sequence, as shown in Figure 2 (A) so that the attention layer can calculate the weight 

within and between leads for interpretability analysis. 

The initial feature extraction layer consists of two two-dimensional convolution 

blocks using large convolution kernels and a maximum pooling layer, where 

convolution block 1 is a two-dimensional convolution layer, and convolution block 2 is 

composed of BatchNormalization, ReLU activation layer, maximum pooling layer, and 

two-dimensional convolution layer. 

The residual network consists of a two-dimensional residual block, a flattening 

layer and a one-dimensional residual block. We use Residual networks to solve the 

problem of overfitting deep networks [14]. One-dimensional residuals require 

downsampling due to changes in data size during the process. We use the structure with 

optimal performance for residual units, as the article [15] proved, which performs batch 

normalization and Relu activation before the convolutional layer. 

The attention layer consists of a fully connected layer, a Tanh nonlinear layer, 

another fully connected layer, and a Sigmod activation layer whose output is the 

elements' importance in the input sequence's chronological order. Finally, the final 

classification result is obtained by calculating the dot product of the input sequence and 

its weight and using the fully connected layer. 
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3. Results and Discussion

3.1. Experimental Summary and Results

In the model's training process, we used Focal Loss to select the network loss function 

[16]. Compared with the traditional cross-entropy Loss function, Focal Loss can solve 

the problem of unbalanced data distribution by setting weights so that the network 

model can effectively focus on the categories with a small amount of data. The Adam 

optimizer is used in backpropagation. The batch size is 128, and the number of training 

repetitions is 50 epochs. We use Area Under Curve (AUC), Accuracy Rate (ACC) and 

F1-macro to evaluate network performance. Table 1 shows the performance of the 

model. The network's performance reaches a very high level because it is set as an in-

patient experiment, training set and test set with a high probability of different 

fragments of ECG data from the same patient.

Table 1. Performance indicators of the network

AUC ACC F1-macro Sensitivity Specificity PPV NPV
99.98% 99.75% 99.86% 99.86% 99.95% 99.86% 99.95%

We use t-Distributed Stochastic Neighbor Embedding (t-SNE) to visualize the 

network classification results to show the network characteristics before the fully 

connected connection layer. t-SNE is a dimensionality reduction algorithm that maps 

high-dimensional feature space to low-dimensional visual space, reflecting the 

similarity between samples through visual distance. Figure 3 (A) and (B) show the 

feature space of the network model corresponding to epoch 0 (untrained) and epoch 50 

(trained) of the test set, respectively, reflecting the training effect of the network.

Figure 3. t-SNE for epoch 0 and epoch 50.

3.2. Interpretability

The object of this study is the interpretability analysis of the 12-lead ECG myocardial 

infarction classification network, that is, the attention mechanism to identify and 

visualize the network's areas of interest on signals between leads and within leads.

In the previous experiment, we tried to use the channel attention mechanism for 

interpretability between leads. The signals of 12 leads were respectively input into 12 

parallel neural network channels, and the output was fitted using the attention layer. 

However, the experimental results show that the performance of this idea is not ideal; 

ACC can only reach close to 60%, and the oscillation is violent. Therefore, we finally 
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chose to splinter the original signals of the 12 channels into a single channel signal in 

order so that the timing characteristics of the output features of the residual network 

can be used to achieve inter-lead interpretability and intra-lead interpretability at the 

same time by using the time-attention mechanism. After pre-processing, the network 

input is a one-dimensional signal of length 30000, which can be divided into 12 

original signals of length 2500 in order 12 equals. Therefore, since the residual network 

does not change the temporal relationship on the feature dimension, the feature weights 

calculated by the attention layer reflect the chronological importance of the original 

inputs. By dividing the weight sequence 12 equally and calculating the mean of each 

segment separately, the attention of the network for a particular disease on 12 leads can 

be determined. Taking FIG. 4 (A) as an example, the network concerns of antero-septal

acute myocardial infarction are Lead v1, Lead v2, and Lead v3, consistent with medical 

judgment. 

For interpretability within leads, that is, areas of concern within an ECG fragment, 

the degree of concern at each point in time can be obtained by resampling the weight 

value of the corresponding fragment to the same length as the input sequence. As 

shown in Figure 4 (B), (C), and (D), we reflected the network attention of Lead v1, 

Lead v2, and Lead v3 fragments of antero-septal acute myocardial infarction by colour, 

and the regions closer to red received greater network attention. 

 
Figure 4. Interpretability of antero-septal myocardial infarction. 

4. Conclusion 

The deep learning method has excellent application prospects in electrocardiogram 

automatic diagnosis. However, doctors and patients often view it as a "black box" and 

question it. In this paper, we propose an explainable residual neural network method 

and show excellent performance in experiments. In this method, 12-lead ECG signals 

are spliced into the same channel to convert the information between channels into time 

information. Then, multi-scale features are extracted through multiple convolution 

blocks and residual blocks, which still preserve the time order of the original input 

signal. Through the attention layer, we get the attention weight of the feature sequence. 

This weight information can be restored to the channel attention between the 12 leads 

and the time attention of the signal fragments within each lead in chronological order. 

This study verified the interpretability of the 12-lead ECG deep learning method for 
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diagnosing myocardial infarction between leads and within leads. It proved the great 

potential of deep learning in the clinical application of ECG diagnosis. In future work, 

we plan to improve the applicability and reliability of this work in more complex and 

realistic experimental environments. 
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Bayesian Updating Using DBSCAN-
Hybrid Importance Sampling and Subset 

Simulation 
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Abstract. A novel methodology for Bayesian updating is proposed by 

seamlessly integrating the power of DBSCAN, an unsupervised learning algorithm 

renowned for its ability to identify dense clusters in data, with the concept of 

importance sampling. While traditional Bayesian updating methods heavily rely on 

supervised learning and labeled data, our approach unleashes the true potential of 

unsupervised updating. Through the utilization of DBSCAN, we obtain remarkable 

insights by effectively extracting similarities and patterns within the data, allowing 

for a comprehensive understanding of the underlying structure. By incorporating 

importance sampling, we intelligently select representative samples, thus enhancing 

the accuracy and efficiency of the Bayesian updating process. Empirical validation 

reinforces the profound impact of our approach, demonstrating its ability to achieve 

unprecedented levels of accuracy and efficiency in Bayesian updating, all while 

negating the necessity of labeled data. Consequently, our pioneering method 

enriches the field of unsupervised learning in the context of Bayesian updating, 

offering novel avenues for exploratory data analysis and informed decision-making. 

Keywords. Bayesian updating, Subset Simulation, Importance Sampling, Bayesian 

Inference, Uncertainty Quantification 

1. Introduction 

Bayesian updating is a fundamental statistical concept employed to revise prior beliefs 

based on new information. Traditional approaches to Bayesian updating predominantly 

rely on supervised learning techniques, which necessitate labeled data for accurate 

inference. In this study, we propose an innovative methodology that integrates the 

algorithm of Density-Based Spatial Clustering of Applications with Noise (i.e., 

DBSCAN), an unsupervised learning technique, with importance sampling to facilitate 

Bayesian updating in an unsupervised manner. 

The DBSCAN algorithm discerns dense regions within data points, enabling the 

identification of meaningful clusters. By applying DBSCAN to our dataset, we can 

identify subsets of data that are likely to exhibit similar characteristics. This clustering 

insight not only offers valuable comprehension of the underlying data structure but also 

allows for efficient Bayesian updating. Moreover, Importance sampling, a widely 

adopted technique in Monte Carlo simulations, enables the effective estimation of 

desired properties by sampling from a suitable distribution. Our approach incorporates 

importance sampling to make informed decisions regarding the selection of 

representative samples for the updating of prior beliefs. This adaptive sampling 
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approach optimizes the allocation of computational resources, subsequently reducing 

the time and cost associated with the updating process. 

Through meticulous experimental validation, we substantiate the effectiveness of 

our proposed approach in facilitating unsupervised Bayesian updating. Moreover, we 

emphasize the numerous advantages of combining DBSCAN and importance sampling, 

including heightened accuracy, reduced dependence on labeled data, and enhanced 

computational efficiency. By contributing novel insights to the field of unsupervised 

learning in the context of Bayesian updating, our findings present a valuable alternative 

for researchers and practitioners working with unlabeled data. The introduction of 

unsupervised learning techniques within the framework of Bayesian updating enables a 

broader range of data analysis possibilities. Future research endeavors can focus on 

further refining our approach, expanding its applicability across diverse domains and 

datasets. 

In summary, this study expands the horizons of unsupervised learning in Bayesian 

updating, opening new avenues for effective decision-making and insightful data 

analysis. The proposed methodology empowers researchers and practitioners to 

embrace unsupervised learning techniques while updating prior beliefs, unlocking a 

realm of opportunities in various domains. 

2. Bayesian Updating with Structural Reliability Methods 

The traditional Markov Chain Monte Carlo (MCMC) method has several limitations in 

terms of stability. One major drawback is its sensitivity to initialization. MCMC's 

convergence relies on finding a good starting point, and poor initialization can result in 

slow convergence, or worse, in chains that fail to converge at all. Another stability 

issue is related to sampling inefficiency. MCMC algorithms often encounter difficulties 

in traversing high-dimensional probability spaces, leading to slow exploration and 

inadequate mixing of the Markov chains. This inefficiency can result in long 

autocorrelation times, further hindering convergence. Moreover, MCMC methods may 

struggle with multimodal distributions, where multiple distinct maxima or modes exist 

in the probability distribution. The chains can get stuck in one mode and fail to fully 

explore other regions, leading to biased estimates and incomplete sampling of the 

posterior distribution. 

In order to overcome this limitation, the method of Bayesian Updating with 

Structural Reliability Methods (i.e., BUS) are proposed by Straub and Papaioannou [1]. 

This method can be leveraged to enhance the accuracy and efficiency of the estimate of 

posterior probability. Hence, several effective techniques can be employed to aid in 

Bayesian updating. These include optimization-based approximation methods such as 

the optimization-based First & Second Order Reliability Methods (FORM and SORM) 

[2], [3], sampling-based methods such as crude Monte Carlo Simulation (i.e., MCS) [4], 

[5], importance sampling (i.e., IS) [6-9], and subset simulation (i.e., SS) [10]. Within 

BUS, the Simple Rejection Method (SRM) is implemented, which is briefly explained 

in this subsection. It's important to note that the accepted domain Ω� can be defined 

according to the restructured random variables [x, p], where P is an auxiliary uniform 

random variable and the corresponding regions can be defined according to the 

following equations: Ω� = [p ≤ cL(�)] = [h(�, p) ≤ 0]#(1)  
where 
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B(�, p) =  p − cL(�)#(2)  B(�, p) is the equivalent limit state function parameterized by the random variables [�, p]  and c  is a constant satisfying cL(�) ≤ 1  for all the outcomes of � . c  can be 

defined as, 

c = 1
max�L(�)� #(3)  

Here, one can define the posterior distribution, 

f 	(�) = ∫ f(�)dp�∈
�
∫ f(�)dpd�[�,�]∈
�

#(4)  

where I�([�, p] ∈ Ω���) can be treated as an indicator along with the new defined limit 

state function, B(�, p) = p − cL(�). Therefore, Eq. (4) can be developed as follows, 

� f(�)dp
�∈
�

= � f(�)dp��(�)
�

= cL(�)f(�)#(5)  

and 

� f(�)dpd�
[�,�]∈
�

= � cL(�)f(�)d�
�

#(6)  

Equation (5) and (6) represent the precise formulations given in Equation (4). Within 

this context, simple rejection sampling method has a drawback in exhibiting a low 

acceptance rate. As the number of obtained information and observations increases, this 

rate decreases significantly. In their study, Straub and Papaioannou [1] highlighted that, 

under the assumption that those information are mutually independent, the average 

acceptance rate is inversely proportional to m (1/√m). This limitation poses 

computational challenges when performing Bayesian updating since only a small 

number of target points will be utilized for estimating the posterior distribution, while a 

large number of redundant points are generated. This problem tends to be particularly 

pronounced as dealing with complex and time-consuming models. 

3. DBSCAN Algorithm 

Inspired by the work represented in [11], [12], this paper proposes a new method of 

Bayesian Updating, called BUUL, (i.e., Bayesian updating with Unsupervised learning) 

to improve the computational efficiency. The proposed BUUL method integrates the 

unsupervised learning method and importance sampling within the framework of BUS. 

In this context, unsupervised learning is a set of machine learning techniques that aim 

to identify hidden patterns within a dataset without prior labels. In the context of 

reliability problems, the labels for the response function, which indicate failure or 

safety, are typically unknown before conducting simulations. The computational 

performance of our proposed method pertains to accurately identifying target sampling 

regions, as explained in the previous subsection. To address this, unsupervised learning 

techniques can be employed to define clusters and enhance the identification of 

effective sampling regions. However, some of these unsupervised learning techniques, 

such as parameterized K-means, require the predefined number of clusters, which is not 

suitable for cases where the number of failure domains is unknown. DBSCAN, on the 

other hand, overpowers other state-of-the-art methodologies due to its computational 
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efficiency in automatically determining the number of clusters, aligning with our goal 

of clustering multiple failure domains. Therefore, we have integrated the DBSCAN 

algorithm with our proposed BUUL method in this article. 

The DBSCAN algorithm focuses on identifying core points, density-reachable 

points, and outliers within the dataset. A point, is considered a core point if the number 

of points within a distance ε from it, denoted as n��(x����), is greater than or equal to n���, a predefined constant. Additionally, x���� is classified as a border point if it has 

at least one core point within distance ε, denoted as C(x����), but is not a core point 

itself. The concept of "directly reachable" is represented by D(x����, x����), indicating 

whether x����,  can be reached from a core point, x���� . Furthermore, x�  can be 

reachable and rendered from another point, x�, if there exists a path �!, ..., ��, with �! 

= x� and �� = x�, where each subsequent point, ��"!, is directly reachable from ��. It 
is important to note that all the samples need to be transformed into an isoprobabilistic 

space with a transformed standard normal distribution before applying the proposed 

BUUL algorithm. In this paper, we will employ DBSCAN to integrate with the BUS 

algorithm in order to achieve an unbiased estimation of the Bayesian posterior 

probabilities. 

4. Case Study 

This section investigates a numeric example to elaborate the overall procedures of the 

proposed algorithm. Moreover, the parameters ϵ = 1.5 and n��� = 3 are set for the 

proposed BUUL algorithm along with DBSCAN. In this example, a numerical case 

with two degrees of freedom (two-DOF) dynamic system which was documented in 

[13] and subsequently explored in form of reinterpreted structural reliability problems 

[1], [14]. Via acquiring the eigen-frequencies of the structure, the posterior distribution 

of inter-story stiffnesses can be estimated using the Bayesian updating technique such 

as BUS algorithm (i.e., Bayesian Updating with Structural reliability problem). Figure 
1 illustratively elaborates the scheme of this example. The masses of the two different 

stories are, respectively, defined as m! = 16.531 ∙ 10& kg and m' = 16.13.1 ∙ 10& kg. 

The inter-story stiffnesses are modeled as K! = X!k� and K' = X'k�, where K! and K' 

are the stiffness values of the first and second stories, respectively,  k� = 29.7 ∙10* N/m is the nominal value, and X!  and X'  are correction factors to be updated. 

Damping is not considered in this case. Observations of the first two eigen-frequencies f!  and f'  are used to update the distribution of � = [X!, X'] . The corresponding 

transformed limit state function of the transformed structural reliability problem can be 

read as, 

B(�, p) =  p − C ∙ exp +− J(�)
2σ�' 8 #(7)  

where p  is an auxiliary uniformly distributed random variable, C  is the so-called 

constant and equal to 1, and J(�)  is a measure-of-fit function parameterizing the 

likelihood of observed information, which can be represented as, 

J(�) = : λ<'
'

<>!
+f<'(�)

f?<'
− 18

'
#(8)  
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where f�(�) is the jth eigen-frequency estimated from the structural model with random 

variables �, and f?<' is the measurement of the jth eigen-frequency. λ! = λ' = 1 are the 

means and σ� = !
!* is the standard deviation of the prediction error. Two measurements 

of eigen-frequencies are available: f?! = 3.13 Hz and f?' = 9.83 Hz. The distribution of X!  and X'  are uncorrelated lognormal distributions with means 1.87 and 1.43 and 

standard deviations σAE = σAF = 1 . Moreover, f<(�)  are calculated according to the 

equation below, 

f<(�) = −�(K! + K')m' + m!K'� ± H�(K! + K')m' + m!K'�' − 4m!m'K!K'
−4πm!m' , #(9) 

 

For this example, methods including brute MCS, IS, FORM, SS and the proposed 

BUUL methodology are investigated to explore their computational efficiencies.  

 
Figure 1. Two-DOF shear building model. 

  
(a) (b) 

  
(c) (d) 

Figure 2. Illustrations of the implementations of the proposed BUUL method  

O' 

O! 

P! 

P' 
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Fig 2 illustrates the identification of effective sampling regions in different layer of 

subsets.  According to Fig 2(a), the back samples denote the seeds located in the first 

subset after the initial subset is drawn through MCS. By taking the advantage of 

DBSCAN, the BUUL method can automatically identify one cluster, which facilitates 

the identification of the first ESR as shown in Fig 2(b). Moreover, the first intermediate 

failure threshold is estimated as 36.21. Fig 2(c) showcases the seeds located in the first 

effect sampling regions, which are distributed in different regions. Fortunately, the 

BUUL can strategically identify these two clusters. According to Fig 2(d), the areas of 

the second effective sampling region is much smaller than that of the first one. The 

second and third intermediate failure thresholds, t̂' and t̂&, are estimated as 4.424 and -

0.5406, respectively. Moreover, Fig 3 illustrates the implementations of Crude MCS, 

FORM, IS and SS. According to the simulation results, it can be observed that the 

traditional FORM and IS method can merely provide inaccurate estimate for the 

Bayesian updating due to the existence of multiple failure regions. As an alternate for 

Bayesian updating, the proposed BUUL provides the posterior estimate with less 

uncertainty compared to the traditional SS for the same level of computational cost.  

 

 
(a) (b) 

 
(c) (d) 

Figure 3. Illustrations of simulations via (a) Crude MCS(N��� = 10*)  (b) FORM (v) IS(N�� = 1000) 

and (d)SS(N�� = 1000). 

5. Conclusion 

This study focused on Bayesian updating using a novel approach that combines 

DBSCAN-based hybrid importance sampling and subset simulation. By integrating the 

DBSCAN algorithm, we were able to overcome the limitations of traditional methods 
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and provide unbiased estimations of Bayesian posterior probabilities. The proposed 

framework demonstrated its effectiveness in accurately updating the posterior 

distribution, even in scenarios involving high-fidelity Finite Element models. Through 

the hybrid importance sampling and subset simulation techniques, we achieved an 

improved acceptance rate and reduced computational burden, overcoming the 

challenges posed by complex models and large numbers of observations. The 

integration of DBSCAN added robustness to the method by effectively handling both 

clustered and sparse data. The results obtained in this study highlight the potential of 

the DBSCAN-based hybrid approach for Bayesian updating in various fields, including 

engineering, finance, and risk analysis. Future work could explore further 

enhancements and applications of this method in complex and multidimensional 

systems. 
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