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Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., & Thrun, S. (2017). Dermatologist-level classification of skin cancer with deep neural networks.
nature, 542(7639), 115-118.
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48 layers, 129,450 clinical images, 2,032
different diseases

Skin lesion image Deep convolutional neural network (Inception v3) Training classes (757) Inference classes (varies by task)

@ Acral-lentiginous melanoma ) _ .
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Larger datasets

Specificity

Specificity

Carcinoma: 135 images

65-70

= Algorithm: AUC = 0.96
® Dermatologists (25)
¢ Average dermatologist

Sensitivity

Carcinoma: 707 images

== Algorithm: AUC = 0.96

0 1
Sensitivity

Specificity

—

Specificity

Melanoma: 130 images

33-97

= Algorithm: AUG = 0.94
® Dermatologists (22)
¢ Average dermatologist

Sensitivity

Melanoma: 225 images

== Algorithm: AUC = 0.96 ,

0
Sensitivity

1

Specificity

Melanoma: 1,010 dermoscopy images

1

Specificity

= Algorithm: AUC = 0.91
® Dermatologists (21)
¢ Average dermatologist

Melanoma: 111 dermoscopy images

Sensitivity

= Algorithm: AUC = 0.94

0

Sensitivity
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Extended Data Table 2 | General validation results

a.

C.

Classifier Three-way accuracy
Dermatologist 1 65.6%
Dermatologist 2 66.0%

CNN 69.4 + 0.8%
CNN - PA 721 %£0.9%

Disease classes: three-way classification

Classifier Nine-way accuracy
Dermatologist 1 53.3%
Dermatologist 2 55.0%

CNN 48.9 + 1.9%
CNN - PA 55.4+1.7%

Disease classes: nine-way classification

0. Benign single lesions
1. Malignant single lesions
2. Non-neoplastic lesions

NG ; RGN0

Cutaneous lymphoma and lymphoid infiltrates
Benign dermal tumors, cysts, sinuses
Malignant dermal tumor

Benign epidermal tumors, hamartomas, milia, and growths|
Malignant and premalignant epidermal tumors
Genodermatoses and supernumerary growths
Inflammatory conditions

Benign melanocytic lesions

Malignant Melanoma
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Kousis, I., Perikos, 1., Hatzilygeroudis, 1., & Virvou, M. (2022). Deep learning methods for accurate skin cancer recognition and mobile application. Electronics, 11(9), 1294.
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Melanoma (MEL), Basal Cell Carcinoma (BCC), Actinic Keratosis and Intraepithelial Carcinoma (AKIEC),
Melanocytic nevus (NV), Benign Keratosis Lesions (BKL), Dermatofibroma (DF),Vascular lesion (VASC),

Characteristics
Lesion Non-Ii\/Ie.lanocyte Melmfocyte Benign Malignant
esions Lesions
MEL X X
BCC X X
AKIEC X X
NV X X
BKL X X
DF X X
VASC X X
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23,5 108 eolawl 090 4l 005L

Model Name Size (MB) Parameters Depth
CNN 90 28.6 M 4
AlexNet 233 61 M 8
VGG16 528 138.4M 16
VGG19 549 143.7 M 19
ResNet50 98 256 M 107
InceptionV3 92 239M 189
MobileNetV2 14 3.5 M 105
InceptionResNetV2 215 559 M 449
DenseNet121 33 8.1 M 242
DenseNet169 57 143 M 338
DenseNet201 80 202 M 402

*
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Figure 3. Confusion matrix for DenseNet169.
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Model Name Accuracy (%) Precision (%) Recall (%) F1-Score (%)
CNN 82.15 85.73 88.53 87.11
AlexNet 80.74 86.25 88.14 87.19
VGGl6 90.15 91.71 92.82 92.26
VGG19 85.55 88.44 89.34 88.89
ResNet50 90.36 86.49 84.04 85.25
InceptionV3 91.13 91.34 92.56 91.95
MobileNetV2 80.69 84.98 86.65 85.81
InceptionResNetV2 90.29 91.77 92.87 92.32
DenseNet121 91.20 92.12 93.08 92.60
DenseNet169 92.25 92.95 93.59 93.27
DenseNet201 90.14 91.20 92.85 92.02
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Table 5. Metrics for the two-class DenseNet169 mapping model.

Model Accuracy Specificity Sensitivity

DenseNet169—two classes 91.10 95.67 82.49
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Figure 4. Application screenshot: main menu.
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- representation
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Arya, N., & Saha, S. (2021). Multi-modal advanced deep learning architectures for breast cancer survival prediction. Knowledge-Based Systems, .
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Fig. 1. SiGaAtCNN as feature extractor from clinical uni-modal data.
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Table 5
Performance indicators of various models for breast cancer survival prediction.

Model AUC Acc Pre Sn Mcc

SIGaAtCNN + Input STACKED RF 0,950 0912 0.841 (0.798) 0.762
S1GaAtCNN STACKED RF 0943 0911 0841 0.790 0.757
S1GaAtCNN Bi-Attention 0.841 0820 0723 0446 0.467
SiGaAtCNN Bi-Attention STACKED RF 0828 0814 0.726 0401 0441
MDNNMD 0.845 0826 0.749 0.450 0.486

STACKED RF 0.930 0.902 0.841 0.747 0.730




Survival Analysis Learning with Multi-
Omics Neural Networks (SALMON)

639,95 sLud souomy (slad L= gl ooy sloess ol 4 Lo ©
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o Deep Learning-based networks to determine how gene expression data
predicts Cox regression survival in breast cancer.
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s »» PrOgNOSIs

5 ol Oledbl las b avolie )0 Jow ogmpn o omics data s Ly ©

Huang Z, Zhan X, Xiang S, Johnson TS, Helm B, Yu CY, Zhang J, Salama P, Rizkalla M, Han Z and Huang K (2019) SALMON: Survival Analysis
Learning With Multi-Omics Neural Networks on Breast Cancer. Front. Genet. 10:166.
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Concordance Index

0.8

e
~
1

g
o

o Concordance index = AUC >>> 0.5 =ineffective

o Concordance index > 0.7 good predictive model

Performances of SALMON by Integrating Multi-omics Data

Median| 0.7285

o

Median] 0.6704
Median: 0.6539

o
Mean: 0.6383 Mean: 0.6633 Mean: 0.6469 Mean: 0.6454 Mean: 0.6668 Mean: 0.6918
° 7 )
B3 mRNA mRNA+miRNA B3 mRNAsmiRNA+Age+ER+PR
Datasets : » ’
B3 miRNA B3 mRNA+mIRNA+CNB+TMB B mRNA+miRNA+CNB+TMB+Age+ER+PR

MRNA = messanger RNA
MIRNA — micro RNA

CNB = copy number burden ER = estrogen receptors

PR = progesterone receptors

Concordance Index

e
5
A

g
o
)

TMB = tumor mutation burden

Performances Comparison

Median| 0.728540 giaht. 7234

Medi"l'6563Medi 6490
Mediaht8.6229
o=

Mean: 0.6918 Mean: 0.7260 Mean: 0.6303 Mean: 0.6533 Mean: 0.6292

Methods B SALMON B3 Cox-nnet B8 Deepsuv BE GLMNET B RsF
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o hypertension, ulcers, a stroke, any liver comorbidity, arthritis, bronchitis, coronary heart disease,
myocardial infarction, and/or emphysema >> binary variable (0 -1)

e}

(0]

o}

(0]

o not diabetic, pre-diabetic/borderline, and diabetic 0, 0.5, 1
o Age, BMI, gender, Not Hispanic/Spanish origin, smoking status, family history

Nartowt BJ, Hart GR, Muhammad W, Liang Y, Stark GF and Deng J (2020) Robust Machine Learning for Colorectal Cancer Risk Prediction and Stratification. Front. Big Data 3:6
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Nartowt BJ, Hart GR, Muhammad W, Liang Y, Stark GF and Deng J (2020) Robust Machine Learning for Colorectal Cancer Risk Prediction and
Stratification. Front. Big Data 3:6. doi: 10.3389/fdata.2020.00006
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Hilsden RJ, Heitman SJ, Mizrahi B, Narod SA, Goshen R (2018) Prediction of findings at screening colonoscopy using a machine learning algorithm
based on complete blood counts (ColonFlag). PLoS ONE 13(11): e0207848.



Kinar, Y., Kalkstein, N., Akiva, P., Levin, B., Half, E. E., Goldshtein, I., ... & Shalev, V. (2016). Development and validation of a predictive model for
detection of colorectal cancer in primary care by analysis of complete blood counts: a binational retrospective study. Journal of the American Medical

Informatics Association, 23(5), 879-890.
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Grosu, S., Wesp, P., Graser, A., Maurus, S., Schulz, C., Kndsel, T., ... & Kazmierczak, P. M. (2021). Machine learning—based differentiation of
benign and premalignant colorectal polyps detected with CT colonography in an asymptomatic screening population: a proof-of-concept
study. Radiology, 299(2), 326-335.
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Deep Learning for Fully-Automated
L_ocalization and Segmentation of Rectal Tumors
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Trebeschi, S., van Griethuysen, J. J., Lambregts, D. M., Lahaye, M. J., Parmar, C., Bakers, F. C., ... & Aerts, H. J. (2017). Deep learning for
fully-automated localization and segmentation of rectal cancer on multiparametric MR. Scientific reports, 7(1), 5301.
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« Example of Multiparametric MR in a rectal cancer patient

» By repeating the procedure for each voxel of each image, we could generate a probability map,
where p(v) is the probability of voxel v to represent tumour tissue.
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Neuro-Oncology
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Tumor grades classification and grading via
convolutional neural networks and genetic algorithms
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Anaraki, A. K., Ayati, M., & Kazemi, F. (2019). Magnetic resonance imaging-based brain tumor grades classification and grading via convolutional neural networks and genetic algorithms. biocybernetics and
biomedical engineering, 39(1), 63-74. 24



(a) (b) (c)

Fig. 2 - Examples of three different grades of Gliomas axial brain images (a) Glioma Grade IV, (b) Glioma Grade III, and (c)
Glioma Grade II.
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(a) (b) (c)

Fig. 3 - Examples of axial brain images from the public dataset provided by Cheng et al. (a) Glioma, (b) Meningioma, and (c)
Pituitary tumors.
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Table 1 - The parameters employed to evolve the best CNN structure and their associated values.

Number of convolutional + max pooling layers
Number of fully connected + dropout layers
Number of filters

Kernel sizes

Number of fully connected neurons
Activation functions

Feedforward optimizers

Learning rate

Dropout rate

2,3,4,5,6

1,2,3

16, 24, 32, 48, 64, 96, 128
2,3,4,5,6,7

128, 192, 256, 384, 512

RelU, Leaky RelU, ELU, SELU
SGD, ADAM, ADAMAX, NADAM,
le—4, 1e-3, le-2

0.1, 0.2,0.3, 04, 0.5
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Fig. 6 - Genetic Algorithm Flowchart.
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Table 2 - Evaluation of the proposed method.

TP FP TN FN
Case Study I
Normal 499 6 1494 1
Grade II 442 32 1468 58
Grade III 434 34 1466 66
Grade IV 487 66 1434 13
Case Study II
Glioma 113 10 220 2
Meningioma 101 5 225 14
Pituitary 111 5 225 4
TPR TNR PPV NPV FPR FNR FDR ACC
Case Study I
Normal 0.998 0.996 0.988 0.999 0.004 0.002 0.012 0.997
Grade II 0.884 0.979 0.932 0.962 0.021 0.116 0.068 0.955
Grade III 0.868 0.977 0.927 0.957 0.023 0.132 0.073 0.950
Grade IV 0.974 0.956 0.881 0.991 0.044 0.026 0.119 0.961
Case Study II
Glioma 0.983 0.957 0.919 0.991 0.043 0.017 0.081 0.965
Meningioma 0.878 0.978 0.953 0.941 0.022 0.122 0.047 0.945

Pituitary 0.965 0.978 0.957 0.983 0.022 0.035 0.043 0.974




Differentiation Between Glioblastoma,
Brain Metastasis and Subtypes Using
Radiomics Analysis
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Table 1. List of Al-equipped medical devices approved by the US FDA.

FDA Approval i Regulation - Regulatory Class
No. Number Product Name (Company) Description Medical Specialty Decision Date (Submission Type)
. . An ECG recording device using
1 K140933 Ahvecglizggdomm machine learning techniques to Cardiovascular 08/15/2014 (?15:33(51;
detect abnormal heart rhythms.
ObCheck A non-invasive test using Al for
2 K143468 Obtech diagnosis and treatment of ADHD Neurology 03/22/2016 Unclassified (510(k))
(Qbtech) in children.
An acoustic device using Al to aid
3 K160016 Steth IO in the identification of abnormal ~ Cardiovascular 07/15/2016 Class 1T
(StratoScientific) heatt and hng sounds. (510(k))
. A software using deep learning to
4 K163253 Arte‘;frgm‘;‘j bL visualize and quantify Radiology 01/05/2017 gﬁf&g
Yy cardiovascular MR images.
. An iPad-based
CANTAB Mobile Class IT
5 K161328 (Cambridge Cognition) memory-assessment tool for older Neurology 01/13/2017 (510(K))
adults.
An Al sleep scoring and analysis Class 11
6 K162627 EnsoSleep (EnsoData) solution that automates event Neurology 03/31/2017 (510(K))
detection during sleep.
A software to visualize and
7+ K162574 ‘;‘i’;ﬁi‘fﬁs (i?u%i‘; quantify ultrasound image data Radiology 05/30/2017 (?15:33(515)
P with backscattered signals.
e An Al-equipped diagnosis system
8+ DEN170022 QuantX (Quantitative to aid in accurate diagnosis of Radiology 07/19/2017 Class I1
Insights) breast cancer. (De Novo)
9 K172311 BioFlux Device (Biotricity) ~ ** 'emOte patient monitoring Cardiovascular 12/15/2017 Class Il
ty platform with AL s (510(k))
- A patient surveillance and
WAVE Clinical Platform . . . Class II
10 K171056 (Excel Medical Electronics) predictive algorithm platform Cardiovascular 01/04/2018 (510(k))

using AL
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Table 1. Cont.

FDA Approval . Regulation . . Regulatory Class
No. Number Product Name (Company) Description Medical Specialty Decision Date (Submission Type)
An Al-based, cloud-based medical
imaging software that
11* K173542 Artery(;O:colt;gy bL automatically measures and tracks Radiology 01/25/2018 (?la;fk]);
Tierys lesions and nodules in MRI and CT
scans.
, An Al algorithm to analyze CT . Class II
12 DEN170073 ContaCT (Viz.Al) scans and detect signs of stroke. Radiology 02/13/2018 (De Novo)
A machine learning application
, . that provides on demand . Class II
13 K170540 DM-Density (Densitas) automated breast density Radiology 02/23/2018 (510(k))
assessments at point-of-care.
Guardian Connect System A continuous glucose monitor .. .
14 P160007 (Medtronic MiniMed) with Al assistance. Chinical Chemistry 03/08/2018 PMA
A software program that uses an
15 DEN180001 I[Dx-DR (IDx) Al algorithm to analyze retinal Ophthalmic 04/11/2018 Class II (De Novo)
images.
MindMotion GO A gamified neurorehabilitation . .. Class 1T
16 K173931 (MindMaze) therapy platform using AL Phygical Medicine 05/17/2018 (510(k))
NeuralBot (Neural A lucid robotic ultrasound system . Class II
7 K180455 Analytics) for brain blood flow assessment. Radiology 05/22/2018 (510(k))
A computer-aided detection and
diagnostic software that uses an Al
18 DEN180005 OsteoDetect (Imagen algorithm to analyze Radiology 05/24/2018 Class II
Technologies) . . : (De Novo)
two-dimensional X-ray images for
signs of distal radius fracture.
LungQ (Thirona A lung quantification software to . Class II
19 Ki73821 Corporation) analyze chest CT scans. Radiology 06/05/2018 (510(k))
An Al-powered technology to
DreaMed Advisor Pro seamlessly treat patients remotely .. . Class II
20 DEN170043 (DreaMed Diabetes) with its virtual diabetes Clinical Chemistry 06/12/2018 (De Novo)

management service.
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Table 1. Cont.

FDA Approval - Regulation . = Regulatory Class
No. Number Product Name (Company) Description Medical Specialty Decision Date (Submission Type)
, An Al-powered software that can
21 K172983 HealthCCS (Zebra Medical =y e to evaluate calcified Radiology 06/13/2018 Class I
Vision) . ) (510(k))
plaques in the coronary arteries.
EchoMD Automated A system that enables fully Class II
22 K173780 Ejection Fraction Software automated Al echocardiogram Radiology 06/14/2018 51 []S 1
(Bay Labs) analysis. (5100k)
An AT algorithm to detect and Class TI
23 K180647 BriefCase (Aidoc Medical) triage abnormal findings in Radiology 08/01/2018 51 US I
non-enhanced head CT images. (>100k)
gl Ryt o 2 et i -
24 DEN180042 Notification Feature Cardiovascular 09/11/2018
(Apple) collected by the Apple Watch (De Novo)
PP photoplethysmograph sensors.
Applications to detect atrial
fibrillations and sinus rhythms in Class II
25 DEN180044 ECG App (Apple) ECG data from an Apple Watch Cardiovascular 09/11/2018 >
) (De Novo)
and display the results on an
iPhone.
A smartphone application for the Class II
26 K173872 FibriCheck (Qompium) detection of heart rhythm Cardiovascular 09/28/2018 (510(k)
disorders such as atrial fibrillation.
A cloud-based system that uses
RightEye Vision System objective eye movement Class IT
27 KI81771 (RightEye) measurements to aid in the Neurology 09/28/2018 (510(k))
evaluation of Parkinson’s disease.
An Al-based platform for Class II
28* K182034 Arterys MICA (Arterys) analyzing medical images such as Radiology 10/17/2018 (51 []S(Sk))

MRI and CT.



1456 I
RIS Cancer Science

Dataset

AIDA-E
BraTS
BreakHis

BACH

CAMELYON
CCsSD

Histopathologic
Cancer
Detection

ISIC 2018

INbreast

Cancer

Stomach
Brain

Breast

Breast

Lymph node

Cervix

Lymph node

Skin

Breast

OB 018 dc goxo
URL

https://isbi-aida.grand-challenge.org/
https://www.med.upenn.edu/sbia/brats2018/data.html

https://web.inf.ufpr.br/vri/databases/breast-cance
r-histopathological-database-breakhis/

https://iciar2018-challenge.grand-challenge.org/Datas
et/

https://camelyon17.grand-challenge.org/Data/

https://www.kaggle.com/c/intel-mobileodt-cervical-
cancer-screening/data

https://www.kaggle.com/c/histopathologic-cance
r-detection/data

https://challenge.kitware.com/#challenge/5aab46f156
357d5e82b00fe5

http://medicalresearch.inescporto.pt/breastresearch/ 88
index.php/Get_INbreast_Database



INbreast

KiTS
LIDC-IDRI

MED-NODE

mini-MIAS
mitos-atypia
PROMISE12
PAIP

TCIA
18F-FDG

Breast

Kidney
Lung

Skin

Breast

Breast
Prostate
Liver
Miscellaneous

Head and Neck

OB 8l ac gozxo
http://medicalresearch.inescporto.pt/breastresearch/
index.php/Get_INbreast_Database

https://kits19.grand-challenge.org/data/

https://wiki.cancerimagingarchive.net/display/Public/
LIDC-IDRI#940027f1a8a845d0aé1alb5b5083567e

http://www.cs.rug.nl/imaging/databases/melan
oma_naevi/

http://peipa.essex.ac.uk/info/mias.html
https://mitos-atypia-14.grand-challenge.org/dataset/
https://promisel2.grand-challenge.org/Home/
https://paip2019.grand-challenge.org/Dataset/
https://www.cancerimagingarchive.net/

https://www.kaggle.com/c/pet-radiomics-challenges/
data
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