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I. Detailed Methods
Echocardiography
Echocardiography equipment used were GE Vivid E9 (transducer M5Sc), GE Vivid E95 (transducer M5Sc), Philips Epic7 (transducer S5-1 and X5-1), Philips Epic7D (transducer S5-1 and X5-1), and Philips Epic CVX (transducer S5-1 and X5-1) systems.

Development of the CNN-LSTM network 
The first step of the deep learning model development for the differential diagnosis of left ventricular hypertrophy (LVH) was the development of a convolutional neural network (CNN)-long short-term memory (LSTM) network, which comprised three components; 12 identical CNNs, a bi-directional convolutional LSTM (bi-directional ConvLSTM) layer, and a multi-label classification block.(1,2) For the 12 identical CNNs, the same CNN was applied to each of the 12 images extracted as a result of image processing. The CNN comprised 5 convolutional blocks, and each convolutional block comprised 2 convolutional layers and  max pooling. The convolutional layer was composed of a  convolutional operation, Rectified Linear Unit (ReLU), and batch normalization, in this order. As the 5 convolutional blocks were passed, the number of feature maps increased sequentially to 64, 96, 128, 192, and 256. Subsequently, a bi-directional ConvLSTM layer reflecting the temporal and spatial connectivity between images was applied. Finally, a multi-label classification block consisting of global average pooling, a fully connected layer, and a sigmoid activation function was applied to predict hypertensive heart disease (HHD), hypertrophic cardiomyopathy (HCM), and light-chain cardiac amyloidosis (ALCA) independently. This step was applied to each of the 5 standard views. Thus, five independent CNN-LSTM networks were trained.

Aggregate neural network
The second step of the deep learning model development for the differential diagnosis of LVH was a neural network which aggregated the results obtained in the first step. The outputs obtained from the global average pooling of the multi-label classification block in each of 5 independent CNN-LSTM networks were concatenated to compose the input. Thus, the input size was  features. The neural network comprised two fully connected layers and a sigmoid activation function for the individual classification of 3 etiologies of LVH (HHD, HCM, and ALCA). The number of features in the fully connected layer was 1,280 in both layers, and the 3 diseases were independently predicted as the final output.
Binary cross entropy was used as an objective function to train the first and second steps, and the He-initialization was used to initialize the weights.(3) The same binary cross entropy was applied to predict HHD, HCM, and ALCA, and the 3 binary cross entropy were simultaneously minimized using the RMSprop optimizer.(4) For both steps, the learning rate was set to , and decayed every 400 steps at a rate of 0.94. In step 1, the batch size was 2 and the total number of epochs was 50. In step 2, the batch size and number of epochs were 20 and 10, respectively.

Class activation mapping
The region to which the deep learning algorithm reacted sensitively in images was detected using class activation mapping.(5) Class activation mapping was calculated for each LVH etiology (HHD, HCM, and ALCA) by multiplying the layer that passed the first component in step 1 by the weight of the fully connected layer in the multi-label classification block. The regions that reacted sensitively on each view were investigated by class activation mapping in 5 standard views. 
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II. Supplementary Figure
Supplementary Figure S1. ROC curve analysis of the deep learning algorithm for the 5 standard echocardiographic views 
[bookmark: _GoBack][image: ]
The diagnostic accuracy of the deep learning algorithm, as independently developed from 5 standard echocardiographic views, was calculated using the AUC for the validation (A), and test sets (B).
Abbreviations: AUC, area under the ROC curve; ALCA, light-chain cardiac amyloidosis; CI, confidence interval; HCM, hypertrophic cardiomyopathy; HHD, hypertensive heart disease; LVH, left ventricular hypertrophy; ROC, receiver operating characteristics curve.


III. Supplementary Tables
Supplementary Table S1. Comparison of the diagnostic accuracy between the CNN-LSTM model and the CNN without LSTM network
	Validation set
	AUC for HHD
	
	AUC for HCM
	
	AUC for ALCA

	
	CNN without LSTM
	CNN-LSTM
	
	CNN without LSTM
	CNN-LSTM
	
	CNN without LSTM
	CNN-LSTM

	PLAX
	0.950 
	0.954 
	
	0.956 
	0.974 
	
	0.957 
	0.976 

	PSAX
	0.853 
	0.894 
	
	0.931 
	0.970 
	
	0.879 
	0.871 

	A4C
	0.880 
	0.931 
	
	0.948 
	0.954 
	
	0.899 
	0.953 

	A2C
	0.831 
	0.905 
	
	0.894 
	0.925 
	
	0.829 
	0.916 

	A3C
	0.878 
	0.908 
	
	0.942 
	0.983 
	
	0.928 
	0.924 

	Test set
	AUC for HHD
	
	AUC for HCM
	
	AUC for ALCA

	
	CNN without LSTM
	CNN-LSTM
	
	CNN without LSTM
	CNN-LSTM
	
	CNN without LSTM
	CNN-LSTM

	PLAX
	0.931 
	0.949 
	
	0.945 
	0.968 
	
	0.960 
	0.951 

	PSAX
	0.861 
	0.892 
	
	0.934 
	0.959 
	
	0.854 
	0.929 

	A4C
	0.880 
	0.908 
	
	0.942 
	0.973 
	
	0.961 
	0.989 

	A2C
	0.787 
	0.917 
	
	0.906 
	0.974 
	
	0.889 
	0.978 

	A3C
	0.859 
	0.907 
	
	0.921 
	0.937 
	
	0.959 
	0.986 


The diagnostic performance of the CNN-LSTM algorithm was compared with that of the CNN algorithm without LSTM network. 
Abbreviations: A2C, apical 2-chamber view; A3C, apical 3-chamber view; A4C, apical 4-chamber view; ALCA, light-chain cardiac amyloidosis; CNN-LSTM, convolutional neural network-long short-term memory; HCM, hypertrophic cardiomyopathy; HHD, hypertensive heart disease; LVH, left ventricular hypertrophy; PLAX, parasternal long-axis view; PSAX, parasternal short-axis view.


Supplementary Table S2. Diagnostic accuracy of the CNN-LSTM model for LVH etiology
	Echocardiographic view
	HHD
	
	HCM
	
	ALCA

	PLAX
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI

	Sensitivity
	83.3%
	15/18
	58.6% - 96.4%
	
	93.8%
	30/32
	79.2% - 99.2%
	
	85.7%
	12/14
	57.2% - 98.2%

	Specificity
	88.3%
	121/137
	81.7% - 93.2%
	
	85.4%
	105/123
	77.9% - 91.1%
	
	87.9%
	124/141
	81.4% - 92.8%

	PPV
	48.4%
	15/31
	30.2% - 66.9%
	
	62.5%
	30/48
	47.4% - 76.0%
	
	41.4%
	12/29
	23.5% - 61.1%

	NPV
	97.6%
	121/124
	93.1% - 99.5%
	
	98.1%
	105/107
	93.4% - 99.8%
	
	98.4%
	124/126
	94.4% - 99.8%

	PSAX
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI

	Sensitivity
	77.8%
	14/18
	52.4% - 93.6%
	
	93.8%
	30/32
	79.2% - 99.2%
	
	64.3%
	9/14
	35.1% - 87.2%

	Specificity
	82.5%
	113/137
	75.1% - 88.4%
	
	86.2%
	106/123
	78.8% - 91.7%
	
	90.8%
	128/141
	84.7% - 95.0%

	PPV
	36.8%
	14/38
	21.8% - 54.0%
	
	63.8%
	30/47
	48.5% - 77.3%
	
	40.9%
	9/22
	20.7% - 63.6%

	NPV
	96.6%
	113/117
	91.5% - 99.1%
	
	98.1%
	106/108
	93.5% - 99.8%
	
	96.2%
	128/133
	91.4% - 98.8%

	A4C
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI

	Sensitivity
	77.8%
	14/18
	52.4% - 93.6%
	
	96.9%
	31/32
	83.8% - 99.9%
	
	100.0%
	14/14
	76.8% - 100.0%

	Specificity
	89.8%
	123/137
	83.4% - 94.3%
	
	77.2%
	95/123
	68.8% - 84.3%
	
	87.9%
	124/141
	81.4% - 92.8%

	PPV
	50.0%
	14/28
	30.6% - 69.4%
	
	52.5%
	31/59
	39.1% - 65.7%
	
	45.2%
	14/31
	27.3% - 64.0%

	NPV
	96.9%
	123/127
	92.1% - 99.1%
	
	99.0%
	95/96
	94.3% - 100.0%
	
	100.0%
	124/124
	97.1% - 100.0%

	A2C
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI

	Sensitivity
	77.8%
	14/18
	52.4% - 93.6%
	
	96.9%
	31/32
	83.8% - 99.9%
	
	100.0%
	14/14
	76.8% - 100.0%

	Specificity
	86.1%
	118/137
	79.2% - 91.4%
	
	87.8%
	108/123
	80.7% - 93.0%
	
	73.8%
	104/141
	65.7% - 80.8%

	PPV
	42.4%
	14/33
	25.5% - 60.8%
	
	67.4%
	31/46
	52.0% - 80.5%
	
	27.5%
	14/51
	15.9% - 41.7%

	NPV
	96.7%
	118/122
	91.8% - 99.1%
	
	99.1%
	108/109
	95.0% - 100.0%
	
	100.0%
	104/104
	96.5% - 100.0%

	A3C
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI

	Sensitivity
	66.7%
	12/18
	41.0% - 86.7%
	
	90.6%
	29/32
	75.0% - 98.0%
	
	85.7%
	12/14
	57.2% - 98.2%

	Specificity
	89.1%
	122/137
	82.6% - 93.7%
	
	77.2%
	95/123
	68.8% - 84.3%
	
	95.7%
	135/141
	91.0% - 98.4%

	PPV
	44.4%
	12/27
	25.5% - 64.7%
	
	50.9%
	29/57
	37.3% - 64.4%
	
	66.7%
	12/18
	41.0% - 86.7%

	NPV
	95.3%
	122/128
	90.1% - 98.3%
	
	96.9%
	95/98
	91.3% - 99.4%
	
	98.5%
	135/137
	94.8% - 99.8%


The diagnostic accuracy for the differential diagnosis of LVH (HHD, HCM, and ALCA) was assessed using the sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV), for each standard echocardiographic view.
Abbreviations: A2C, apical 2-chamber view; A3C, apical 3-chamber view; A4C, apical 4-chamber view; ALCA, light-chain cardiac amyloidosis; HCM, hypertrophic cardiomyopathy; HHD, hypertensive heart disease; PLAX, parasternal long-axis view; PSAX, parasternal short-axis view.



Supplementary Table S3. Diagnostic performance of the aggregate network for LVH etiology
	
	HHD
	
	HCM
	
	ALCA

	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI
	
	Value
	Count
	95% CI

	Sensitivity
	72.2%
	13/18
	46.5% - 90.3%
	
	90.6%
	29/32
	75.0% - 98.0%
	
	92.9%
	13/14
	66.1% - 99.8%

	Specificity
	94.2%
	129/137
	88.8% - 97.4%
	
	93.5%
	115/123
	87.6% - 97.2%
	
	95.7%
	135/141
	91.0% - 98.4%

	PPV
	61.9%
	13/21
	38.4% - 81.9%
	
	78.4%
	29/37
	61.8% - 90.2%
	
	68.4%
	13/19
	43.4% - 87.4%

	NPV
	96.3%
	129/134
	91.5% - 98.8%
	
	97.5%
	115/118
	92.7% - 99.5%
	
	99.3%
	135/136
	96.0% - 100.0%


The diagnostic performance of the aggregate network of the CNN-LSTM algorithm was assessed using the sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV), for each etiology of LVH.
Abbreviations: A2C, apical 2-chamber view; A3C, apical 3-chamber view; A4C, apical 4-chamber view; ALCA, light-chain cardiac amyloidosis; CNN-LSTM, convolutional neural network-long short-term memory; HCM, hypertrophic cardiomyopathy; HHD, hypertensive heart disease; LVH, left ventricular hypertrophy; PLAX, parasternal long-axis view; PSAX, parasternal short-axis view.
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