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Supplement 1: Search strings used for systematic literature search.

· PubMed: "cardiac" [tiab] AND ("AI" [tiab] OR "artificial intelligence" [tiab] OR "machine learning" [tiab] OR "DL" [tiab] OR "deep learning" [tiab] OR "DCNN" [tiab] OR "deep convolutional" [tiab]) AND (radiology [tiab] OR imaging [tiab] OR CT [tiab] OR MRI [tiab] OR MR [tiab] OR ultrasound [tiab] OR radiograph [tiab])

· EMBASE: 'cardiac':ti,ab,kw AND (ai:ti,ab,kw OR 'artificial intelligence':ti,ab,kw OR 'machine learning':ti,ab,kw OR 'dl':ti,ab,kw OR 'deep learning':ti,ab,kw OR 'dcnn':ti,ab,kw OR 'deep convolutional':ti,ab,kw) AND (radiology:ti,ab,kw OR imaging:ti,ab,kw OR ct:ti,ab,kw OR mri:ti,ab,kw OR mr:ti,ab,kw OR ultrasound:ti,ab,kw OR radiograph:ti,ab,kw)

Date of search: 31.01.2020


Supplement 2: Discussion of current literature on applications of ML in cardiac imaging

a) Image Acquisition & preprocessing
A problem in Cardiac Imaging often tackled by means of ML is that of motion artifacts [1–5]. In detail, Lossau and colleagues trained a patch-based model for the detection of motion artifacts on ECG-triggered coronary CT angiography. Original CT images were split into multiple subsamples (patches) that were consequently classified individually, a frequently applied method to transfer 3D data into a format easily processable for DL algorithms. They report an accuracy of up to 93.3% (SD: 1.8%), however they tested on data from eight cardiac CTs from one center only [2]. A possible area of application of such algorithms for motion artifact detection is real-time monitoring of imaging quality. Küstner et al. went one step further and demonstrated the feasibility of several DL frameworks based on variation auto encoders (VAEs) and generative adversarial networks (GANs) for the retrospective correction of different kinds of motion artifacts on MR images [3]. Tatsugami developed a DL-based image restoration algorithm that could significantly improve the signal-to-noise ratio of coronary CT angiography [6]. 
Long acquisition times are a main challenge of cardiac MRI. Two groups demonstrated superiority of ML approaches compared to classical methods of reconstruction of substantially undersampled cardiac MRI data, thereby potentially reducing acquisition time of cardiac MRI protocols [7, 8]. In detail, Qin and colleagues used an end-to-end architecture combining a traditional iterative reconstruction algorithm with a recurrent neural network for the reconstruction of dynamic cardiac MRI images that outperformed other reconstruction methods for in terms of accuracy (similarity indices: 0.99 compared to 0.95-0.98) and speed (3-6 seconds compared to 8-451 seconds processing time) [7]. De Vos et al. proposed a DL framework to align cardiac cine MRI images and reported accuracy comparable to traditional methods, however at a 350 times faster speed of 39 ms [67]. Margeta and colleagues used multiple architectures (random forest, CNNs) to recognize acquisition planes in cardiac MRI (F1 score: 0.98, SD: 0.02) [9].

b) Detection
The detection of findings within a scan is a basic ability that is a prerequisite for subsequent automated image analysis. The easier task of detecting anatomical structures and pathology on 2D radiographs seems to be no challenge to present-day algorithms: examples in cardiac imaging are the detection of cardiomegaly [10] or of cardiac rhythm devices on chest radiographs [11] (accuracy: 99.6%; CI: 97.5%-100.0%). This is explained by the fact that the vast majority of ML algorithms for radiology image analysis are modified versions of algorithms initially programmed for the detection of findings on non-medical 2D images (e.g. of cars on photographs). 
But even on 3D medical images, detection performance of AI algorithms is reported to be good. Wolterink et al. proposed an algorithm for the detection of centerlines of coronary arteries in cardiac CT angiography and found an almost perfect overlap of proposed and reference centerlines [12]. Emad and colleagues reported an accuracy of 98.66% for the detection of the left ventricle on MRI using a patch-based convolutional neural network (CNN; sensitivity: 83.91%; Specificity 99.07%) [13]. Ostvik and colleagues used a CNN for real-time classification of standard views in transthoracic echocardiography with sensitivities from 93.1% to 99.6% and positive predictive values of 96.2% to 99.4% [14].

c) Segmentation 
Most segmentation algorithms in Cardiac Radiology aim at delineating the four heart chambers. Algorithms for multiple modalities have been presented: CT [15, 16], MRI [17–30], Echocardiography [31–33] and SPECT [34]. Another area of application is the segmentation of image findings.
CT
Dormer and colleagues developed a patch-based CNN to segment the four chambers on CT and found an average accuracy of 87.2% (SD: 3.3%) for the classification of patches (classes: left ventricle, right ventricle, left atrium, right atrium, background). However, they did report neither sensitivity/specificity nor a method to transfer the classified patches to coherent 2D/3D segmentations. Furthermore, both training and testing was performed on a dataset of only 11 CTs [15]. Lin et al. trained and tested two 3D U-Nets with 160 non-contrast CTs and found high Dice-Scores ranging from 0.82 (SD: 0.07) to 0.96 (SC: 0.02) for the four chambers and whole-heart segmentation [16]. However, given the fact that even small deviations can result in exceeding a clinically relevant threshold, required levels of precision and reproducibility are high.
MRI
Avendi et al. developed a DL-algorithm for segmentation of the left ventricle (LV) on short axes on MRI datasets and reached a DICE score of 96.7% (SD: 5.7), training and testing on 45 MRI datasets [35]. The deep convolutional neural network (DCNN) proposed by Molaei and colleagues for LV-myocardium-segmentation is based on ImageNet, and was developed and tested on 5,011 MRI images from 33 patients. They reported a per-pixel sensitivity of 84.1% and a specificity of 98.4% in predicting whether a pixel belongs to the LV-myocardium or not. While most of the above mentioned projects focused solely on LV-segmentation, Isensee et al. proposed a more comprehensive U-Net-based algorithm that showed good performance for the segmentation of the LV (Dice score: 0.95), right ventricle (Dice score: 0.92) and the LV myocardium (Dice score: 0.91) on an independent test set and capable of processing the entire cardiac cycle [21]. Du et al. reported similar performance measures for the three anatomical areas using an encoder-decoder approach [19].
Ultrasound
Arafati and colleagues described a fully-connected DCNN to automatically annotate heart chamber boundaries on echocardiographic images. They trained on imaging data of 100 healthy subjects and report a Dice score of 89.6% (left ventricle) and 85.4% (right ventricle) [32]. Leclerc et al. developed and tested multiple encoder-decoder architectures to segment end-diastolic and end-systolic left ventricular volumes [33]. The best performing approach was a U-Net with Dice coefficients between 0.92 and 0.95, indicating very good segmentation accuracy. However, they excluded datasets with bad image quality from the test set.  
SPECT
In a feasibility study based on imaging data of 56 patients, Wang et al. proposed an end-to-end CNN to segment the LV myocardium in gated myocardial perfusion SPECT imaging.  They found high correlation of derived LV myocardium volumes and ground truth volumes (r = 0.91 +- 0.1) [34]. 

Segmentation of other cardiac findings
Commandeur et al. developed a CNN for the segmentation and quantification of epicardial adipose tissue and thoracic adipose tissue on non-contrast coronary artery calcium CT. They evaluated the algorithm on a dataset consisting of 250 asymptomatic individuals, and found Dice score coefficients when comparing automated segmentations with ground-truth-segmentations of 0.82 and 0.91, respectively, indicating feasibility of the approach for a fully automated workflow possibly contributing to cardiovascular risk stratification [36]. Fahmy and colleagues used a DCNN to segment myocardium scar tissue on late-gadolinium enhanced MR images in patients with hypertrophic cardiomyopathy to allow for automated scar quantification. Automated segmentation was achieved in 0.26s/image. While they found strong correlation of automatic and manually segmented scar volumes (r = 0.84), the Dice score was only 0.57 +- 0.23, indicating unprecise finding detection. This discrepancy may be explained by the fact that the scars were small in size, which makes Dice scores more sensitive to smaller deviations. Two groups presented algorithms for the automated quantification of myocardial scar tissue on cardiac MRI [37, 38]. In detail, Moccia et al. introduced a CNN algorithm for the segmentation of scar tissue in the LV wall on late gadolinium enhancement images. They report a median DICE similarity coefficient of 71% for a fully automated approach [37].

d) Diagnosis
There is increasing literature on frameworks that facilitate an automated analysis of cardiac function on cardiac MRI [39–42]. Bai and colleagues presented a fully CNN that had been trained on a dataset from the UK Biobank, consisting of 4,875 subjects with over 90,000 pixel-wise annotated images. After segmentation on short-axis images, the mean absolute differences between automated measurements and manual ground-truth measurements were as low as 6.1 ml (LV end-diastolic volume), 5.3 ml (LV end-systolic volume), 7 gram (LV mass), 8.5 ml (RV end-diastolic volume) and 7.2 ml (RV end-systolic mass), respectively [39]. Of interest, this performance is comparable to human inter-observer variability. Winther et al. trained an U-net-based algorithm on 253 manually segmented cases and tested on multicenter datasets with > 1000 cases. They reported high intraclass correlation coefficients (ICCs) for LV ejection fraction (80% - 98%), RV ejection fraction (87% - 96%), LV ventricular mass (94%-95%), and RV ventricular mass (83%) [40]. This is a strong indicator that, despite parameter heterogeneity in MR, it is possible to create a generalizable algorithm for this task. Ruijsink et al. presented a framework consisting of two CNNs, the first for an image quality check to reject images with artifacts and the second for full cycle segmentation on short axis, 4- and 2-chamber views. The derived functional values correlated highly with manual analysis (ventricular volumes r > 0.95; filling and ejection rates all ≥ 0.93). However, 11% of all cases were rejected for reasons of image quality [41]. Similarly, Curiale et al. reported correlation coefficients between 0.93 and 0.99 for several physiological measures of the left ventricle (end-systolic and diastolic volumes, myocardial mass, ejection fraction and stroke volume / cardiac output) [42]. 
Jafari et al. used a CNN to estimate LV ejection fraction based on ultrasound two- and four-chamber views in real-time. The network segments the LV and detects anatomical landmarks. The median absolute error for LVEF estimation was only 6.2%, tested on a dataset of 427 patients [43].
Another important area of research is automatic calcium scoring. Lessmann et al. used a two-stage CNN to detect, quantify and localize (LAD, LCX, RCA) coronary calcifications on low-dose chest CT [44] and found very good performance on soft filter reconstructions (F1-score 0.89). This algorithm is also able to identify calcifications of the thoracic aorta (F1-score 0.89), and – with only low to moderate accuracy – of the aortic valve (F1-score 0.67) and of the mitral valve (F1-score 0.55). They trained and tested on 1,744 non-gated, low-dose chest CT scans contained in the National Lung Screening Trial database. 
Takx et al. demonstrated the ability of an algorithm combining traditional image processing techniques like thresholding with a support-vector-machine to automatically determine the calcium score in non-gated, low-dose chest CTs [45]. They found very good reliability for the risk categories of the Agatston scores (K=0.85), albeit the algorithm systematically underestimated calcium score values. 
Zreik and colleagues presented a ML-pipeline with CNN, an unsupervised convolutional autoencoder and an SVM classifier to automatically identify patients with functionally significant coronary artery stenosis according to fractional flow reserve determined during invasive coronary angiography, based solely on an analysis of the LV myocardium in CTAs (AUC: 0.74, SD: 0.02; however: sensitivity of only 70% at a specificity of 71%) [46].


d) Prediction
Regarding prediction of patient outcome with ML, there are some reports on frameworks that use semi-automatically or manually extracted imaging parameters to predict all-cause mortality of patients with suspected coronary artery disease from coronary CTA and clinical parameters [47] and survival of patients with pulmonary hypertension from 3D right ventricular motion characteristics [161]. Commandeur et al. used combined clinical and imaging information to predict the long-term risk of myocardial infarction and cardiac death [164]. So far, there are no fully automated end-to-end systems for outcome prediction from cardiac imaging data. Coenen et al. used a neural network with four layers to predict the hemodynamical relevance of coronary stenoses from CTA alone with invasively measured fractional flow reserve as standard of reference. They report an improved diagnostic accuracy of CTA-based assessment of stenosis from 71% to 85% (sensitivity: 89%; specificity 76%) [163]. 
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	#
	Authors
	Year
	Modality
	Technique
	Group
	Reference

	1
	Bahrami et al.
	2019
	MRI
	DL
	A&P
	[48]

	2
	Biswas et al. 
	2019
	MRI
	DL
	A&P
	[49]

	3
	Blansit et al.
	2019
	MRI
	DL
	A&P
	[50]

	4
	Chen et al.
	2019
	MRI
	DL
	A&P
	[51]

	5
	Fan et al.
	2020
	MRI
	DL
	A&P
	[52]

	6
	Ghodrati et al.
	2019
	MRI
	DL
	A&P
	[53]

	7
	Kofler et al.
	2019
	MRI
	DL
	A&P
	[54]

	8
	Küstner et al.
	2019
	MRI
	DL
	A&P
	[3]

	9
	Margeta et al.
	2017
	MRI
	DL
	A&P
	[9]

	10
	Qin et al.
	2019
	MRI
	DL
	A&P
	[7]

	11
	Sandino et al.
	2019
	MRI
	DL
	A&P
	[55]

	12
	Scannell et al. 
	2019
	MRI
	DL
	A&P
	[56]

	13
	Schlemper et al.
	2018
	MRI
	DL
	A&P
	[8]

	14
	Zhao et al.
	2019
	MRI
	DL
	A&P
	[57]

	15
	Zhou et al.
	2019
	MRI
	DL
	A&P
	[58]

	16
	Kim et al.
	2019
	CT
	DL
	A&P
	[59]

	17
	Lossau et al.
	2019
	CT
	DL
	A&P
	[2]

	18
	Lossau et al.
	2019
	CT
	DL
	A&P
	[60]

	19
	Lv et al.
	2019
	CT
	DL
	A&P
	[61]

	20
	Tatsugami et al.
	2019
	CT
	DL
	A&P
	[6]

	21
	Yan et al.
	2016
	CT
	DL
	A&P
	[62]

	22
	Nakanishi et al.
	2018
	CT
	ML-Non-DL
	A&P
	[4]

	23
	Diller et al.
	2019
	US
	DL
	A&P
	[63]

	24
	Fung et al.
	2019
	US
	DL
	A&P
	[64]

	25
	Karuzasl et al.
	2019
	US
	DL
	A&P
	[65]

	26
	Ladefoged et al.
	2019
	PET-CT
	DL
	A&P
	[66]

	27
	De Vos et al.
	2019
	Multiple
	DL
	A&P
	[67]

	28
	Afridi et al.
	2016
	MRI
	DL
	Detection
	[68]

	29
	Alansary et al.
	2019
	MRI
	DL
	Detection
	[69]

	30
	Emad et al.
	2015
	MRI
	DL
	Detection
	[13]

	31
	Goldfarb et al.
	2019
	MRI
	DL
	Detection
	[70]

	32
	Kong et al. 
	2016
	MRI
	DL
	Detection
	[71]

	33
	Oksuz et al.
	2019
	MRI
	DL
	Detection
	[5]

	34
	Baessler et al.
	2018
	MRI
	ML-Non-DL
	Detection
	[72]

	35
	Baessler et al.
	2018
	MRI
	ML-Non-DL
	Detection
	[73]

	36
	Kim et al.
	2017
	MRI
	ML-Non-DL
	Detection
	[74]

	37
	Larroza et al.
	2018
	MRI
	ML-Non-DL
	Detection
	[75]

	38
	Lorch et al.
	2017
	MRI
	ML-Non-DL
	Detection
	[1]

	39
	Dormer et al.
	2018
	CT
	DL
	Detection
	[15]

	40
	Fuhrman et al.
	2019
	CT
	DL
	Detection
	[76]

	41
	Mannil et al.
	2018
	CT
	Multiple
	Detection
	[77]

	42
	Wong et al.
	2016
	CT
	Multiple
	Detection
	[78]

	43
	Ostvik et al. 
	2019
	US
	DL
	Detection
	[14]

	44
	Togo et al.
	2018
	PET-CT
	Multiple
	Detection
	[79]

	45
	Bratanoff et al.
	2017
	Multiple
	Other/Review
	Detection
	[80]

	46
	Howard et al.
	2019
	Other
	DL
	Detection
	[11]

	47
	Singh et al.
	2018
	Other
	DL
	Detection
	[10]

	48
	Margulis et al. 
	2018
	Other
	ML-Non-DL
	Detection
	[81]

	49
	Avendi et al.
	2016
	MRI
	DL
	Segmentation
	[35]

	50
	Avendi et al.
	2016
	MRI
	DL
	Segmentation
	[82]

	51
	Avendi et al.
	2017
	MRI
	DL
	Segmentation
	[17]

	52
	Do et al.
	2019
	MRI
	DL
	Segmentation
	[83]

	53
	Du et al.
	2019
	MRI
	DL
	Segmentation
	[84]

	54
	Fahmy et al.
	2020
	MRI
	DL
	Segmentation
	[85]

	55
	Hu et al.
	2019
	MRI
	DL
	Segmentation
	[30]

	56
	Kim et al.
	2020
	MRI
	DL
	Segmentation
	[86]

	57
	Leng et al.
	2018
	MRI
	DL
	Segmentation
	[25]

	58
	Liu et al.
	2018
	MRI
	DL
	Segmentation
	[28]

	59
	Ma et al.
	2019
	MRI
	DL
	Segmentation
	[87]

	60
	Moccia et al.
	2019
	MRI
	DL
	Segmentation
	[37]

	61
	Molaei et al. 
	2017
	MRI
	DL
	Segmentation
	[18]

	62
	Ngo et al.
	2017
	MRI
	DL
	Segmentation
	[88]

	63
	Purmehdi et al.
	2019
	MRI
	DL
	Segmentation
	[89]

	64
	Romaguera et al.
	2018
	MRI
	DL
	Segmentation
	[27]

	65
	Tan et al.
	2017
	MRI
	DL
	Segmentation
	[90]

	66
	Tan et al.
	2018
	MRI
	DL
	Segmentation
	[91]

	67
	Tong et al.
	2019
	MRI
	DL
	Segmentation
	[29]

	68
	Vigneault et al.
	2018
	MRI
	DL
	Segmentation
	[92]

	69
	Wang et al.
	2019
	MRI
	DL
	Segmentation
	[93]

	70
	Xiong et al.
	2019
	MRI
	DL
	Segmentation
	[94]

	71
	Xu et al.
	2018
	MRI
	DL
	Segmentation
	[95]

	72
	Yan et al.
	2019
	MRI
	DL
	Segmentation
	[20]

	73
	Yang et al.
	2018
	MRI
	DL
	Segmentation
	[96]

	74
	Yang et al.
	2019
	MRI
	DL
	Segmentation
	[97]

	75
	Yang et al.
	2020
	MRI
	DL
	Segmentation
	[98]

	76
	Yao et al.
	2018
	MRI
	DL
	Segmentation
	[26]

	77
	Zheng et al.
	2018
	MRI
	DL
	Segmentation
	[24]

	78
	Zotti et al.
	2019
	MRI
	DL
	Segmentation
	[99]

	79
	Commandeur et al.
	2017
	CT
	DL
	Segmentation
	[36]

	80
	Dormer et al.
	2018
	CT
	DL
	Segmentation
	[100]

	81
	Gülsün et al.
	2016
	CT
	DL
	Segmentation
	[101]

	82
	Jin et al.
	2018
	CT
	DL
	Segmentation
	[102]

	83
	Lam et al.
	2019
	CT
	DL
	Segmentation
	[103]

	84
	Lin et al.
	2019
	CT
	DL
	Segmentation
	[16]

	85
	Wolterink et al.
	2019
	CT
	DL
	Segmentation
	[12]

	86
	Sugiura et al.
	2013
	CT
	ML-Non-DL
	Segmentation
	[104]

	87
	Arafati et al.
	2016
	US
	DL
	Segmentation
	[32]

	88
	Leclerc et al.
	2019
	US
	DL
	Segmentation
	[33]

	89
	Yu et al.
	2020
	US
	DL
	Segmentation
	[105]

	90
	Wang et al.
	2019
	SPECT
	DL
	Segmentation
	[34]

	91
	Morris et al.
	2019
	Multiple
	DL
	Segmentation
	[106]

	92
	Bai et al.
	2018
	MRI
	DL
	Diagnosis
	[39]

	93
	Bernard et al.
	2018
	MRI
	DL
	Diagnosis
	[107]

	94
	Bratt et al.
	2018
	MRI
	DL
	Diagnosis
	[108]

	95
	Du et al.
	2019
	MRI
	DL
	Diagnosis
	[19]

	96
	Fahmy et al.
	2018
	MRI
	DL
	Diagnosis
	[38]

	97
	Fahmy et al.
	2018
	MRI
	DL
	Diagnosis
	[109]

	98
	Isensee et al.
	2018
	MRI
	DL
	Diagnosis
	[21]

	99
	Khened et al.
	2019
	MRI
	DL
	Diagnosis
	[22]

	100
	Lindsey et al.
	2020
	MRI
	DL
	Diagnosis
	[110]

	101
	Luo et al.
	2018
	MRI
	DL
	Diagnosis
	[111]

	102
	Ohta et al.
	2019
	MRI
	DL
	Diagnosis
	[112]

	103
	Ruijsink et al.
	2018
	MRI
	DL
	Diagnosis
	[41]

	104
	Ruijsink et al.
	2019
	MRI
	DL
	Diagnosis
	[113]

	105
	Winther et al.
	2018
	MRI
	DL
	Diagnosis
	[40]

	106
	Wu et al.
	2019
	MRI
	DL
	Diagnosis
	[114]

	107
	Yuan et al.
	2019
	MRI
	DL
	Diagnosis
	[115]

	108
	Zhang et al.
	2019
	MRI
	DL
	Diagnosis
	[116]

	109
	Zhang et al.
	2019
	MRI
	DL
	Diagnosis
	[117]

	110
	Zheng et al.
	2019
	MRI
	DL
	Diagnosis
	[118]

	111
	Lei et al.
	2019
	MRI
	ML-Non-DL
	Diagnosis
	[119]

	112
	Lungu et al.
	2016
	MRI
	ML-Non-DL
	Diagnosis
	[120]

	113
	Mantilla et al.
	2015
	MRI
	ML-Non-DL
	Diagnosis
	[121]

	114
	Satriano et al.
	2017
	MRI
	ML-Non-DL
	Diagnosis
	[122]

	115
	Alis et al.
	2019
	MRI
	Multiple
	Diagnosis
	[123]

	116
	Siegersma et al.
	2018
	MRI
	Multiple
	Diagnosis
	[124]

	117
	Commandeur et al.
	2019
	CT
	DL
	Diagnosis
	[125]

	118
	Commandeur et al.
	2019
	CT
	DL
	Diagnosis
	[126]

	119
	Kumamaru et al.
	2019
	CT
	DL
	Diagnosis
	[127]

	120
	Lessmann et al.
	2018
	CT
	DL
	Diagnosis
	[44]

	121
	Martin et al.
	2019
	CT
	DL
	Diagnosis
	[128]

	122
	Zreik et al.
	2018
	CT
	DL
	Diagnosis
	[46]

	123
	Zreik et al.
	2019
	CT
	DL
	Diagnosis
	[129]

	124
	Takx et al.
	2014
	CT
	Multiple
	Diagnosis
	[45]

	125
	Beecy et al. 
	2019
	US
	DL
	Diagnosis
	[130]

	126
	Bienstock et al.
	2019
	US
	DL
	Diagnosis
	[131]

	127
	Jafari et al.
	2019
	US
	DL
	Diagnosis
	[43]

	128
	Komatsu et al.
	2019
	US
	DL
	Diagnosis
	[132]

	129
	Kusunose et al.
	2018
	US
	DL
	Diagnosis
	[133]

	130
	Kusunose et al.
	2019
	US
	DL
	Diagnosis
	[134]

	131
	Silva et al.
	2018
	US
	DL
	Diagnosis
	[135]

	132
	Ludomirsky et al.
	2018
	US
	DL
	Diagnosis
	[136]

	133
	Madani et al.
	2018
	US
	DL
	Diagnosis
	[137]

	134
	Matsuoka et al. 
	2019
	US
	DL
	Diagnosis
	[138]

	135
	Mazzanti et al.
	2015
	US
	DL
	Diagnosis
	[139]

	136
	Moulson et al.
	2019
	US
	DL
	Diagnosis
	[140]

	137
	Narang et al.
	2019
	US
	DL
	Diagnosis
	[141]

	138
	Samtani et al. 
	2019
	US
	DL
	Diagnosis
	[142]

	139
	Sengupta et al.
	2016
	US
	DL
	Diagnosis
	[143]

	140
	Shelby et al.
	2017
	US
	DL
	Diagnosis
	[144]

	141
	Tablassian et al.
	2018
	US
	ML-Non-DL
	Diagnosis
	[145]

	142
	Genovese et al.
	2019
	US
	Other/Review
	Diagnosis
	[146]

	143
	Mahmoud et al. 
	2017
	US
	Other/Review
	Diagnosis
	[147]

	144
	Volpato et al.
	2019
	US
	Other/Review
	Diagnosis
	[148]

	145
	Lee et al. 
	2019
	US
	Multiple
	Diagnosis
	[149]

	146
	Narula et al.
	2015
	US
	Multiple
	Diagnosis
	[150]

	147
	Salem Omar et al.
	2018
	US
	Multiple
	Diagnosis
	[151]

	148
	Case et al.
	2016
	PET-CT
	DL
	Diagnosis
	[152]

	149
	Togo et al.
	2019
	PET-CT
	DL
	Diagnosis
	[153]

	150
	DePuey et al.
	1989
	PET-CT
	Other/Review
	Diagnosis
	[154]

	151
	Chiu et al.
	2019
	SPECT
	DL
	Diagnosis
	[155]

	152
	Garcia et al.
	2018
	SPECT
	DL
	Diagnosis
	[156]

	153
	Wang et al.
	2019
	SPECT
	DL
	Diagnosis
	[34]

	154
	De Souza-Filho et al.
	2019
	SPECT
	ML-Non-DL
	Diagnosis
	[157]

	155
	Puyol-Anton et al.
	2019
	Multiple
	ML-Non-DL
	Diagnosis
	[158]

	156
	Domingos et al. 
	2014
	Multiple
	Other/Review
	Diagnosis
	[31]

	157
	Shade et al. 
	2018
	Other
	ML-Non-DL
	Diagnosis
	[159]

	158
	Curiale et al.
	2019
	MRI 
	DL
	Diagnosis
	[42]

	159
	Bello et al.
	2019
	MRI
	DL
	Prediction
	[160]

	160
	Dawes et al. 
	2017
	MRI
	ML-Non-DL
	Prediction
	[161]

	161
	Samad et al.
	2018
	MRI
	ML-Non-DL
	Prediction
	[162]

	162
	Coenen et al.
	2018
	CT
	DL
	Prediction
	[163]

	163
	Commandeur et al.
	2019
	CT
	DL
	Prediction
	[164]

	164
	Itu et al.
	2016
	CT
	DL
	Prediction
	[165]

	165
	McElhinney et al.
	2019
	CT
	DL
	Prediction
	[166]

	166
	Von Knebel et al.
	2019
	CT
	DL
	Prediction
	[167]

	167
	Motwani et al.
	2016
	CT
	ML-Non-DL
	Prediction
	[47]

	168
	Oikonomou et al.
	2019
	CT
	Multiple
	Prediction
	[168]

	169
	Agasthya et al.
	2018
	US
	ML-Non-DL
	Prediction
	[169]

	170
	Cikes et al. 
	2019
	US
	ML-Non-DL
	Prediction
	[170]

	171
	Eduardo et al.
	2019
	PET-CT
	DL
	Prediction
	[171]

	172
	Juarez-Orozco et al.
	2019
	PET-CT
	DL
	Prediction
	[172] 

	173
	Juarez-Orozco et al.
	2018
	PET-CT
	ML-Non-DL
	Prediction
	[173]

	174
	Betancur et al.
	2017
	SPECT
	ML-Non-DL
	Prediction
	[174]

	175
	Betancur et al.
	2018
	SPECT
	ML-Non-DL
	Prediction
	[175]

	176
	Hu et al.
	2018
	SPECT
	ML-Non-DL
	Prediction
	[176]

	177
	Currie et al.
	2019
	Multiple
	DL
	Prediction
	[177]

	178
	van Hamersvelt et al.
	2019
	Multiple
	DL
	Prediction
	[178]

	179
	Ambale-Venkatesh
	2017
	Multiple
	ML-Non-DL
	Prediction
	[179]

	180
	Rocon et al.
	2018
	Other
	Multiple
	Prediction
	[180]

	181
	Aslan et al.
	2019
	MRI
	DL
	Other
	[181]

	182
	Arafati et al.
	2019
	MRI
	Other/Review
	Other
	[182]

	183
	Colletti et al.
	2019
	MRI
	Other/Review
	Other
	[183]

	184
	Seetharam et al.
	2019
	MRI
	Other/Review
	Other
	[184]

	185
	Seraphim et al. 
	2019
	MRI
	Other/Review
	Other
	[185]

	186
	Tao et al.
	2019
	MRI
	Other/Review
	Other
	[186]

	187
	Gopalakrishnan et al.
	2015
	MRI
	Multiple
	Other
	[187]

	188
	Nicol et al.
	2019
	CT
	Other/Review
	Other
	[188]

	189
	Singh et al.
	2018
	CT
	Other/Review
	Other
	[189]

	190
	Varga-Szemes et al.
	2018
	CT
	Other/Review
	Other
	[190]

	191
	Luong et al.
	2016
	US
	DL
	Other
	[191]

	192
	Narang et al.
	2019
	US
	DL
	Other
	[192]

	193
	Cikes et al. 
	2019
	US
	ML-Non-DL
	Other
	[193]

	194
	Gandhi et al.
	2018
	US
	Other/Review
	Other
	[194]

	195
	Garcia-Canadilla et al.
	2019
	US
	Other/Review
	Other
	[195]

	196
	Al`Aref et al.
	2019
	Multiple
	Other/Review
	Other
	[196]

	197
	Barone-Rochette et al.
	2019
	Multiple
	Other/Review
	Other
	[197]

	198
	Commandeur et al.
	2018
	Multiple
	Other/Review
	Other
	[198]

	199
	Cuocolo et al.
	2019
	Multiple
	Other/Review
	Other
	[199]

	200
	Dey et al.
	2019
	Multiple
	Other/Review
	Other
	[200]

	201
	Dilsizian et al.
	2014
	Multiple
	Other/Review
	Other
	[201]

	202
	Dilsizian et al.
	2018
	Multiple
	Other/Review
	Other
	[202]

	203
	Dorado-Díaz et al.
	2019
	Multiple
	Other/Review
	Other
	[203]

	204
	Krittanawong et al.
	2019
	Multiple
	Other/Review
	Other
	[204]

	205
	Leiner et al.
	2019
	Multiple
	Other/Review
	Other
	[205]

	206
	Litjens et al. 
	2017
	Multiple
	Other/Review
	Other
	[206]

	207
	Litjens et al. 
	2019
	Multiple
	Other/Review
	Other
	[207]

	208
	Liu et al.
	2017
	Multiple
	Other/Review
	Other
	[208]

	209
	Massalha et al.
	2018
	Multiple
	Other/Review
	Other
	[209]

	210
	Mesanovic et al.
	2015
	Multiple
	Other/Review
	Other
	[210]

	211
	O`Regan et al. 
	2019
	Multiple
	Other/Review
	Other
	[211]

	212
	Petersen et al.
	2019
	Multiple
	Other/Review
	Other
	[212]

	213
	Retson et al.
	2019
	Multiple
	Other/Review
	Other
	[213]

	214
	Seetharam et al.
	2019
	Multiple
	Other/Review
	Other
	[214]

	215
	Shaw et al.
	2018
	Multiple
	Other/Review
	Other
	[215]

	216
	Siegersma et al.
	2019
	Multiple
	Other/Review
	Other
	[216]

	217
	Slomka et al.
	2017
	Multiple
	Other/Review
	Other
	[217]

	218
	Strickland et al.
	2018
	Multiple
	Other/Review
	Other
	[218]

	219
	Tsay et al.
	2018
	Multiple
	Other/Review
	Other
	[219]

	220
	Wallis et al.
	2001
	Multiple
	Other/Review
	Other
	[220]

	221
	Zhuang et al.
	2019
	Multiple
	Other/Review
	Other
	[221]

	222
	Lyon et al.
	2019
	Multiple
	Multiple
	Other
	[222]

	
	
	
	
	
	
	

	
	
	
	
	
	
	

	
	
	
	
	
	
	







Abbreviations: DL = deep learning; ML-non-DL = machine learning techniques other than deep learning; A&P = image acquisition and preprocessing;
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