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Automatic analysis of electrocardiograms with adequate explainability is a challenging task. Many deep learning based methods have been proposed for automatic classification of electrocardiograms. However, very few of them provide detailed explainable classification evidence. In our study, we explore explainable ECG classification through explicit decomposition of single-beat (median-beat) ECG signal. In particular, every single-beat ECG sample is decomposed into five subwaves and each subwave is parameterised by a Frequency Modulated Moebius. Those parameters have explicit meanings for ECG interpretation. In stead of solving the optimisation problem iteratively which is timeconsuming, we make use of an Cascaded CNN network to estimate the parameters for each single-beat ECG signal. Our preliminary results show that with appropriate position regularisation strategy, our neural network is able to estimate the subwave for P, Q, R, S, T events and maintain a good reconstruction accuracy (with R2 score 0.94 on test dataset of PTB-XL) in a unsupervised manner. Using the estimated parameters, we achieve very good classification and generalisation performance on myocardial infarction detection on four different datasets. The features of high importance are in accordance with clinical interpretations.

Introduction

Myocardial infarction (MI) is a kind of pathology where myocardial cells are dead due to the prolonged lack of oxygen (ischaemia). A patient is diagnosed as MI if he/she has elevated cardiac troponin values and falls into at least one of the following conditions: symptoms of myocardial ischaemia, new changes of ST-segment/T-wave in electrocardiogram (ECG), development of pathological Q waves in ECG, abnormal myocardium motion and presence of coronary thrombus [START_REF] Thygesen | Fourth universal definition of myocardial infarction (2018)[END_REF]. Among all the diagnostic approaches, ECG is very easy and fast to perform on patients, even with non-experts. Whereas, to diagnose MI patients with ECG is a challenging task. For example, one study shows that experienced cardiologists only identified 82% of the real ST-segment elevated MI patients [START_REF] Mixon | Retrospective description and analysis of consecutive catheterization laboratory st-segment elevation myocardial infarction activations with proposal, rationale, and use of a new classification scheme[END_REF].

Computer-assisted ECG analysis could help cardiologists, non-experts better interpret ECG recordings for MI detection.

There exist many research works on automatic MI detection using ECG signals and they can be categorised into feature-based methods and neural network based methods. The feature-based methods usually contains three stages: ECG delineation (segmentation), feature extraction and classification. Different kinds of features were explored: morphological features (such as ST-elevation value, QRS duration, T wave amplitude, Q wave amplitude etc.) [START_REF] Arif | Detection and localization of myocardial infarction using k-nearest neighbor classifier[END_REF][START_REF] Jaleel | An expert system for differential diagnosis of myocardial infarction[END_REF][START_REF] Lu | An automated ecg classification system based on a neuro-fuzzy system[END_REF], wavelet transform related features (coefficients) [START_REF] Bhaskar | Performance analysis of support vector machine and neural networks in detection of myocardial infarction[END_REF][START_REF] Jayachandran | Analysis of myocardial infarction using discrete wavelet transform[END_REF][START_REF] Pereira | Analysis of features for myocardial infarction and healthy patients based on wavelet[END_REF], empirical mode decomposition features [START_REF] Acharya | Automated characterization and classification of coronary artery disease and myocardial infarction by decomposition of ecg signals: A comparative study[END_REF] and so on. Compared with other features, morphological features are explainable but very sensitive to ECG delineation results. ECG delineation methods [START_REF] Graja | Hidden markov tree model applied to ecg delineation[END_REF][START_REF] Peimankar | Dens-ecg: A deep learning approach for ecg signal delineation[END_REF], usually depend on annotations for all the events (P,Q,R,S,T) to train models. They are constrained by the size and type of pathology in the annotated dataset. The neural network based methods for MI detection have overwhelmed in recent years. For example, single-beat ECG signals are directly classified using a 1D convolutional neural network (CNN) [START_REF] Acharya | Application of deep convolutional neural network for automated detection of myocardial infarction using ecg signals[END_REF] or are transformed into 12-lead 2D image for a 2D CNN [START_REF] Fang | A visually interpretable detection method combines 3-d ecg with a multi-vgg neural network for myocardial infarction identification[END_REF]. For detailed review of MI detection methods, interested readers are invited to read reviews [START_REF] Ansari | A review of automated methods for detection of myocardial ischemia and infarction using electrocardiogram and electronic health records[END_REF][START_REF] Xiong | Deep learning for detecting and locating myocardial infarction by electrocardiogram: A literature review[END_REF].

In our work, we tackle this MI detection problem following the feature-based approach by ECG parameterisation. Actually, ECG parameterisation/modelling is not a new idea. For example, Liu et al. proposed to fit a 20th order polynomial function to a given ECG signal and used the fitted coefficients as ECG features [START_REF] Liu | A novel electrocardiogram parameterization algorithm and its application in myocardial infarction detection[END_REF]. Second-order ODEs were applied to model the 12-lead ECGs and the estimated time-varying coefficients were used as features [START_REF] Zewdie | Fully automated myocardial infarction classification using ordinary differential equations[END_REF]. They both achieved good accuracy for MI detection but the features do not have an explainable meaning for clinicians. In our case, we adapt the explainable Frequency Modulated Moebius model as our parameterisation model [START_REF] Rueda | The hidden waves in the ecg uncovered revealing a sound automated interpretation method[END_REF] for single-beat ECG.

The contribution of our work lies in two folds.

-We propose a time-efficient and automatic pipeline for ECG decomposition and reconstruction by passing through a deep learning model: Cascaded FMMnet, which is capable to reconstruct single beat signal with high quality. The training is unsupervised and make it accessible for all kinds of ECG datasets, with or without annotations. The estimated parameters have explainable meanings for each subwave, such as the amplitude, the position etc. -We present our preliminary results of using the estimated parameters as features to classify normal and myocardial infarction patients. The important features identified are in accordance with the clinical interpretation indexes, such as T wave and Q wave change.

Methods

The pipeline of our explainable ECG analysis consists of three stages (Fig. 1(a)). First, the 12-lead ECG recordings are filtered and segmented to obtain single-beat median ECG signals. Second, each lead-wise median signal is passed through an encoder network (Cascaded FMMnet) for subwave decomposition. The encoder network outputs 21 estimated parameters that are crucial for signal reconstruction and interpretation. Third, for each sample (12-lead median ECG signal), myocardial infarction classification is conducted based on the 264(21x12+12) estimated parameters, where 12 additional parameters comes from estimated STsegment voltage value. To explain the classification result, we use the additive weighted features for linear classification models and SHAP value [START_REF] Lundberg | A unified approach to interpreting model predictions[END_REF] for nonlinear classification models. Decomposed waveform and feature importance from classifier together give visual and quantitative explainability of our prediction result.

Data Preprocessing

The preprocessing includes 5 steps: resampling, filtering, R-peak detection, ECG segmentation and median signal generation. The original 12-lead ECG recording is resampled to 500Hz if its original sampling rate is not 500Hz. A butterworth high-pass filter with cutoff frequency at 0.5Hz is then applied to remove baseline wander. The R-peaks of Lead II are automatically detected and used as reference for all the other leads. For every lead ECG, each single beat segment is set from 35% heart beat duration (s) before the R-peak to 50% heart beat duration (s) after the R-peak. One 1.2second median beat signal is calculated by aligning the R-peaks of all the single beats (at 0.5-second position) and padded by neighbouring values at the two ends if the medial signal is shorter than 1.2s. Neurokit2 package [START_REF] Makowski | NeuroKit2: A python toolbox for neurophysiological signal processing[END_REF] is used for filtering, R-peak detection and single beat segment calculation.

Cascaded FMMnet

In order to reinforce explain-ability in automatic ECG analysis, we utilise the decomposition model proposed by [START_REF] Rueda | The hidden waves in the ecg uncovered revealing a sound automated interpretation method[END_REF]. The idea is to approximate the singlebeat ECG signal by composition of five subwaves (P,Q,R,S,T), each of which is parameterised by a Frequency Modulated Moebius.

Assuming X(t i ), t i ∈ [0, 2π], the original signal of a single-beat ECG record, could be decomposed into five subwaves W s , s ∈ {P, Q, R, S, T }. Each subwave is described by a four-dimensional parameter

p s = {A s , α s , β s , ω s } respectively, W s (t, p s ) = A s cos(β s + 2 arctan(ω s tan( t -α s 2 ))) (1) 
where A, α, β, ω control the absolute amplitude, the position, the skewness and the kurtosis of the waveform (see Fig. 1 (c)(d)). The approximation of original signal X(t) is defined as the addition of the five subwaves W s and an additional baseline parameter M , where θ = (M, p S , p Q , p R , p S , p T ) and they verify the following ranges

X(t, θ, M ) = M + s∈{P,Q,R,S,T } W s (t, p s ) (2) 
-1. M ∈ R -2. p s ∈ R + × [0, 2π] × [0, 2π] × [0, 1], s ∈ {P, Q, R, S, T } -3. α P ≤ α Q ≤ α R ≤ α S ≤ α T
The aim of decomposition is to estimate the optimal 21 parameters θ that best fit θ = argmin θ n i=1 [X(t i ) -X(t i )] 2 . Instead of using the computationally intensive iterative optimisation [START_REF] Rueda | The hidden waves in the ecg uncovered revealing a sound automated interpretation method[END_REF], we estimate the 21 parameters through a data-driven deep learning model: Cascaded FMMnet. The network consists of 5 identical cascaded sub-network, each of which is responsible for estimating 5 parameters (M i , A i , α i , β i , ω i ) of one subwave S i , where S i (t) = M i + A i cos(β i + 2 arctan(ω i tan( t-αi 2 ))). Assuming the original signal X(t), the input of the ith subnet X i (t) is the residual of the original signal subtracting former subwaves, i.e.

X i (t) = X i-1 (t) -S i-1 (t), where i ∈ [1, 5], X 0 (t) = X(t), S 0 (t) = 0.
The encoder block in our network comprises 2 stacks of causal convolution with down-sampled skip-connection, 1 max-pooling layer and 2 linear layers. It takes an input of 1x600 dimension and outputs a 21-dimension vector which is the estimation of the parameters. The input median ECG signal is resized to be within the range of [-1, 1] and the last linear layer has a Sigmoid activation for (A i , α i , β i , ω i ) and a Tanh activation for M i parameter. The final M is the sum of all the M i , i ∈ [START_REF] Acharya | Automated characterization and classification of coronary artery disease and myocardial infarction by decomposition of ecg signals: A comparative study[END_REF][START_REF] Bhaskar | Performance analysis of support vector machine and neural networks in detection of myocardial infarction[END_REF]. The final estimation of θ are obtained by multiplying M , A i with the resize factor and by multiplying α i , β i with 2π.

We penalise the network by minimising the mean square error of reconstructed signal S i (t) and the input signal X i (t). In order to force each subnet to capture a fixed subwave, a regulariser called prior loss is added in the loss function. We randomly chose 100 median ECG samples and estimated the 21 hidden parameters (5 hidden waves) using the FMM R package [START_REF] Rueda | Frequency modulated möbius model accurately predicts rhythmic signals in biological and physical sciences[END_REF]. The mean 

= 5 i=1 |X i (t) -S i (t)| 2 + γ 5 i=1 (α i -µ α ) 2 σ 2 α ( (3) 
) 4 
where γ controls the balance of signal fitting and parameter distribution.

In order to ease the estimation for all leads, we assume that the P,Q,R,S,T are sequentially positioned in all single beat ECG, which may be different with the conventional names of ECG wave peaks in some leads. For example, in Fig. 6(a), the decomposed Q wave represents the conventional R wave for lead V1.

Experiments and Results

Datasets

Dataset NORM MI AMI IMI LMI Frequency(Hz) Folds PTB-XL [START_REF] Wagner | Ptb-xl, a large publicly available electrocardiography dataset[END_REF] 7185 2955 1937 1447 70 500 10 PTB [START_REF] Bousseljot | Nutzung der ekg-signaldatenbank cardiodat der ptb über das internet[END_REF] 80 368 181 175 130 1000 5 CPSC(+Extra) [START_REF] Liu | An open access database for evaluating the algorithms of electrocardiogram rhythm and morphology abnormality detection[END_REF] We included three public ECG datasets and one private dataset in our study. All the four datasets contain standard 12-lead ECG recordings and are (re)sampled to 500Hz. The PTB-XL dataset [START_REF] Wagner | Ptb-xl, a large publicly available electrocardiography dataset[END_REF] contains 21837 12-lead ECG recordings and covers multiple ECG diagnostics and morphologies. Our Cascaded FMMnet is trained on this big dataset without considering specific pathology. For classification, as we are concerned about detecting myocardial infarction (MI) patients from normal (NORM) cases, we present the detailed information of MI and NORM across different datasets in Table 1. The private dataset (CHU) is collected from Nice University Hospital in scanned PDF format. Specific preprocessing is conducted to digitalize the ECG signals [START_REF] Fortune | Digitizing ecg image: a new method and open-source software code[END_REF].

Reconstruction

Experiment The PTB-XL dataset is used to train the Cascaded FMMnet. As it is provided with 10 pre-defined folds, we randomly choose 8 folds as training set, 1 fold as validation set and the rest fold as test set. 100 random samples from training set are picked to compute the mean and variance used in regulariser (equation 4). The encoder network is implemented in Pytorch and is trained with batch size of 192, learning rate of 0.0001. γ is initialised from 1 and it is updated to γ = 0.1γ if loss mse ≤ γloss prior .

Results

We evaluated the reconstruction performance by mean absolute error (M AE = 1 600 600 i=1 |X(t i ) -X(t i )|) and R2 score. The proposed Cascaded FMMnet demonstrated very good reconstruction results and generalised well on three unseen datasets from different centers. First, the FMMnet was trained on 80% of the whole PTB-XL dataset and it demonstrated similar reconstruction result on the train/validation/test set of PTB-XL: they all presented a mean MAE of 0.016mV and a mean R2 score of 0.94. Second, all the four datasets showed consistent reconstruction error on NORM/MI patients (Fig. 3(a-b)) and lead-wisely (Fig. 3(c-d)). Our Cascaded FMMnet takes 0.09s/12 leads on a Dell laptop (Intel© Core™ i7-8650U CPU @ 1.90GHz × 4) while the original FMM optimisation [START_REF] Rueda | Frequency modulated möbius model accurately predicts rhythmic signals in biological and physical sciences[END_REF] takes more than 10s/1 lead on the same machine. We show an example of 12-lead ECG decomposition in Fig. 6(a). 

Classification

Experiment For each 12-lead ECG sample (median beat), we obtain a 252dimension feature vector from the Cascaded FMMnet. In addition, we include ST-segment voltage feature for each lead to form a 264-dimension vector. The ST-segment is identified as the short flat platform between peak S and peak T from each lead with the help of positional parameter α T and α S .

Explainable classification: we explored two approaches to provide explainable classification. The first method begins with a partial least squares regression that projects the 264-dimension vector to 3-dimension. A support vector machine (SVM) with linear kernel is applied then to find the best hyperplane that separates the MI/NORM patients. The additive nature of weighted features help to explain the classification results. The second method is to use SHAP value to explain a Logistic regression (LR) model for MI/NORM classification. We trained separate classifiers on PTB-XL, PTB and CPSC(+extra) datasets using 10-fold, 5-fold, 5-fold cross-validation respectively. Two more specific classifiers for detecting AMI/IMI (vs. non AMI/IMI) were established on PTB-XL using 10-fold cross-validation.

Generalisable classification: we tested the classifiers trained on PTB-XL to other three datasets: PTB, CPSC(+extra) and our private dataset (CHU) to evaluate the generalisation of our proposed classification pipeline. 

Results

We present the detailed classification evaluation in Table .2. First, it can be observed that using our classification pipeline, we are able to obtain satis- factory classification performance on different datasets (PTB-XL/PTB/CPSC) compared with other methods. In Fig. 4, we can observe that a linear classifier (SVM with linear kernel) is already capable to obtain good separation of MI/NORM patients on both training and test data for PTB-XL, PTB and CPSC datasets respectively. Using SHAP values, our models (Logistic regression classifiers) are capable to identify important infarction related features such as T wave amplitude change (T_A), T inversion (T_β) etc. They also distinguish the influenced leads for infarction. For example, as shown in Fig. 5, it distinguishes the V1,V2,V3 for AMI (Fig. 5b), the II,III,avF for IMI (Fig. 5c). Since the MI label combines MI of different localisation, the important features for MI/NORM classification are spread widely across different leads (Fig. 5a). Second, models trained on PTB-XL generalise well on other datasets, without to much drop of accuracy. However, we observe a drop of specificity on our small private dataset. Since the signals are extracted from scanned ECG papers, the domain gap could be enlarged. In addition, the manner of annotation may be different. The label of NORM/MI in our private dataset is the final diagnosis decision. It's made by an experienced cardiologist after an overall examination of the patient, including echocardiography, ECG and sometimes coronary angiography. This may be different from the direct diagnosis based on ECG alone from PTB-XL dataset.

We show an example from PTB-XL test data that was correctly detected as MI (MI/NORM classifier) in Fig. 6. The influenced ECG leads of this patient are I, II, avL, V2, V3, V5 and V6. First, our Cascaded FMMnet successfully identified the subwaves for most of the leads (Fig. 6a). Second, we group the weighted features lead-wisely using the linear SVM model and observe that all leads helped to identify this MI patient (they are all positive as shown in Fig. 6b). In addition, when examining the top-3 highest weighted features of every lead(Fig. 6c), we find that most of the important features are in accordance with doctor's diagnosis (see red and blue rectangles in Fig. 6c). We also observe a similar trend of important features explained by SHAP value from the Logistic regression classifier (Fig. 6d).

Discussion and Conclusion

In this work, we propose an automatic decomposition model, Cascaded FMMnet for ECG analysis which facilitates the downstream tasks, such as classification and in our case, to classify normal and myocardial infarction patients. The Cascaded FMMnet is able to generalise reconstruction across datasets from different centers and the estimated parameters can be used for MI classification with good explainability. It should be noticed that the Cascaded FMMnet was trained on PTB-XL dataset, which contains not only healthy samples but also samples with different pathologies (myocardial infarction, conduction disturbance and hypertrophy etc). We believe that proposed network is capable to play an important role in other pathology classification. In the future, we will explore to improve the decomposition of different ECG leads with more specification. Our current Cascaded FMMnet assumes P,Q,R,S,T present in all leads while in some cases, some subwaves can be absent. For example, in Fig. 6a, we can observe the small S wave (in green) does not represent a meaningful peak and it's superposed with the large R wave in lead avF, V1-4. This phenomenon is supported by the superior reconstruction accuracy on leads close to lead II(I, II, V5, V6) than the other leads(Fig. 3c-d). The original FMM paper [START_REF] Rueda | The hidden waves in the ecg uncovered revealing a sound automated interpretation method[END_REF] also presented their results on lead II only. Some specific care for leads like V1-V4 should be explored.

  parameters + 12-lead ST-segment voltage

Fig. 1 :

 1 Fig. 1: (a) Pipeline of our proposed explainable ECG classification. (b) An example of ECG decomposition. (c)ω controls the kurtosis of the wave signal. (d) β controls the skewness of the wave signal.

Fig. 2 :

 2 Fig. 2: The detailed architecture of Cascaded FMM net.

Fig. 3 :

 3 Fig. 3: (a-b) The reconstruction metrics of different evaluation datasets on HC/MI separately. (c-d) Lead-wise R2 score of signal reconstruction of NORM patients and MI patients.

Fig. 4 :

 4 Fig. 4: The classification boundary (hyperplane) of trained linear SVM classifiers and data points (3-dim) projected on one of the 2D plane orthogonal to the corresponding hyperplane.

Fig. 5 :

 5 Fig. 5: Explanations of feature importance for Myocardial Infarction (MI), Anterior Myocardial Infarction (AMI) and Inferior Myocardial Infarction (IMI) classification respectively using SHAP value on models trained on PTB-XL dataset. Higher shap value helps to augment the chances of detecting positive classes, in our cases, the MI/AMI/IMI classes.
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 126 Fig. 6: An example from PTB-XL test dataset classified as MI by the linear SVM classifier/Logistic regression classifier. According to the PTB-XL description, the patient is diagnosed with old anteroseptal infarction (tiny R waves present in V2,V3), anterolateral ischaemia (inverted T waves and depressed ST-segments in I, avL, flat T waves in V5,V6) and inferior infarction (flat T wave in II). (a) Decomposed 12-lead median ECG. (b)(c) Explainability provided by linear SVM model. Red rectangles mark the T-ST change related leads (acute infarction/ischaemia related) and blue rectangles mark the R wave change related leads (old infarction related and are represented here by our parameters prefixed by Q). (d) Explainability provided by Logistic regression model by SHAP value.

Table 1 :

 1 The detailed information of the 4 datasets used in our study. AMI/IMI/LMI refer to anterior/inferior/lateral myocardial infarction.

		922 370 -	-	-	500	5
	CHU	9	12	-	-	-	Paper scan	-

Table 2 :

 2 Classification results on different datasets using Cascaded FMM net.

	Model	Dataset (evaluation)	Dataset (train)	Class CV AUROC Accuracy Sensitivity Specificity
	VGG [7]	PTB-XL PTB-XL MI 10-fold 1.00	0.97	0.96	0.98
	Ours (LR)	PTB-XL PTB-XL MI 10-fold 0.99	0.96	0.93	0.96
	Ours (SVM) PTB-XL PTB-XL MI 10-fold 0.98	0.94	0.92	0.95
	Ours (LR)	PTB-XL PTB-XL AMI 10-fold 0.98	0.93	0.92	0.93
	Ours (LR)	PTB-XL PTB-XL IMI 10-fold 0.97	0.91	0.92	0.91
	VGG [7]	PTB	PTB	MI 5-fold	0.98	0.96	0.97	0.91
	Ours (LR)	PTB	PTB	MI 5-fold	0.95	0.91	0.92	0.88
	Ours (SVM)	PTB	PTB	MI 5-fold	0.95	0.90	0.92	0.81
	Ours (LR)	PTB	PTB-XL MI	-	0.95	0.84	0.83	0.99
	Ours (SVM)	PTB	PTB-XL MI	-	0.94	0.82	0.79	0.99
	Ours (LR)	CPSC	CPSC MI 5-fold	0.97	0.93	0.88	0.96
	Ours (SVM)	CPSC	CPSC MI 5-fold	0.97	0.92	0.88	0.93
	Ours (LR)	CPSC	PTB-XL MI	-	0.97	0.94	0.86	0.97
	Ours (SVM)	CPSC	PTB-XL MI	-	0.95	0.91	0.83	0.95
	Ours (LR)	Private PTB-XL MI	-	0.80	0.76	0.92	0.56
	Ours (SVM) Private PTB-XL MI	-	0.77	0.71	0.83	0.56
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