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Convolution Neural Network (CNN)
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Activation

Convglution Convglution Convgtution Function
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48 layers,129,450clinical 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 ) _ .
/@ Amelanotic melanoma —&- @ 92% malignant melanocytic lesion

Lentigo melanoma

A~ A

------------- 8 0N o 0 0 (200 0

¥ “JiL s AN T T S Blue nevus \\\ -
Halo nevus —&-© 8% benign melanocytic lesion
Mongolian spot g

Convolution
= AvgPool
MaxPool
Concat
= Dropout "
= Fully connected .
= Softmax .
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a Carcinoma: 135 images Melanoma: 130 images Melanoma: 111 dermoscopy images
1 e 1 - 1 '

3397

Specificity
Specificity
Specificity

6570

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

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

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

0 0 0
0 . 1 0 1 0 e
Sensitivity Sensitivity Sensitivity
b Carcinoma: 707 images Melanoma: 225 images Melanoma: 1,010 dermoscopy images
1 1 . 1 '
£ - z | z o
£ Vo £ | 2 Lo
Larger datasets & L 2 | 2 o
w i i w : w : :
0 == Algorithm: AUC = 0.96 E E 0 == Algorithm: AUC = 0.96 , i 0 == Algorithm: AUC = 0.94 E E
0 1 0 1 0 1
Sensitivity Sensitivity 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

(@)

W ¢
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Melanoma MEL), Basal Cell Carcinoma (BOCActinic Keratosis and Intraepithelial Carcinoma (AKIEC
Melanocyticnevus (NV), Benign Keratosis Lesions (BKL), Dermatofibroma (DF),Vascular lesion (WASC

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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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

d

1
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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.

yl

Model

Accuracy

Specificity

Sensitivity

DenseNet169—two classes

91.10

95.67

82.49
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#w O Ewd ACABAIAC L v doublelreaded W £ V By w3y,

b Breast cancer in 2 years (USA) +yt ¢CACAADBACTVY2 Cwk
107 1% ve C~3 BRAvi BWIil 1

sensitivity §pecificity * AY{ Az

087 false positive ¢ © D% 2 a Wi
. falsenegative ¢ © D.&1E & Wi
g ] Chodwz a4 wh CHEBzEAwuwz ¢
@ ; °
3 0.4 ASpecificity = 5.70%
ASensitivity = 9.40%
0.2—-

0 i i | | T
0 0.2 0.4 0.6 0.8 1.0

1 - Specificity
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) ) . F— . Ve 0 “ 1 1 _q
Multimodal Modality-specific Se nSItIVIty C D /é' A { A Z
input data submodel

WS5I patches Y ResNext-50
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Fig. 1. SiGaAtCNN as feature extractor from clinical uni-modal data.



SiGaAtCNN-CLN Hidden + Clinical

. Input Features
SiGaAtCNN J,

CLN

A oo

Random Survivor
SiGaAtCNN >
SlGaAtCNN CNA Hidden Short-Term

Forest

+ CNA Input Features Survivor

copy numbealteration
profile
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Expr Input Features
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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 MuHi
Omics Neural Network6SALMON)
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Huang Z, Zhan X, Xian§, Johnsof'S, Helm B, Yu CY, ZhadgSalamaP, RizkallaM, Han Zand HuangK (2019 SALMON:Survival Analysis
Learning WithMulti-Omics NeuraNetworks on Breastancer. Front Genet10:166 a7
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Concordance Index

0.8

e
~
1

g
o

¢ Concordance index = AUC >>3:5=ineffective

¢ Concordance index 6.7 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 )
S— B3 mRNA EF mRNAmIRNA B3 mRNAsmiRNA+Age+ER+PR
S B3 miRNA B3 mRNA+mIRNA+CNB+TMB B mRNA+miRNA+CNB+TMB+Age+ER+PR

MRNA =messangeRNA
MIRNAT micro RNA

CNB = copy number burden ER = estrogemeceptors

Concordance Index

e
5

g
o
)

TMB = tumor mutation burden

PR = progesterone receptors

Performances Comparison

Median| 0.728540 giaht. 7234

Medi"l'GSGSMedi 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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¢ hypertension, ulcers, a stroke, any liver comorbidithritis, bronchitiscoronary heart disease,
myocardial infarctionand/oremphysema> binary variable@-1)
¢ not diabetic, praliabetic/borderline, and diabetig, 0.5, 1
¢ Age, BMI, genderNot Hispanic/Spanishbrigin, smokingstatus family history
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linear discriminant analysissupportvector machine, naive Bayes, decision tree, random forest, logdistic
regressionandartificial neuralnetwork
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Sensitivity =0.63 ¢
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75(06) 54(06) 54(06) S51(05) 60(07) 61(13) 53(11) 63(12) 52(11) 54(11) 56(12)
Mean _.‘;;;jgg_g; 51(05) 54(06) 50(05) 59(11) 71(19) 51(11) 53(11) 64(15) 50(11) 52(15)
Delete 6) 51(06) S1(06) 62(11) S0(06) 65(07) 83(12) 80(25) 51(14) 64(18) 50(14) 60(15) 63(18)
54(03)

Gauss

Ages 18-49
@3

V 52(02) 58(05) 55(02) 56(04) 54(03) 58(05) 57(06) 63(10) 55(03)
w; Gauss 58(05) 57(02) 52(02) 62(08) 51(02) 53(05)] 59(04) 58(08) 57(04) 52(03) 50(03) 54(03) 54(05)
< l1-hot ] 59(02) 50(01) 58(05) 52(02) 62(08) 54(02) 55(04)f 58(05) 52(03) 59(07) 50(03) 63(10) 56(06) 57(06)
‘" Cauchy] 60(04) 59(02) 52(02) 56(02) 50(01) 53(02) 54(02)f 59(06) 57(03) 53(04) 54(04) 50(03) 55(05) 54(04)
g Mean | 60(03) 61(08) 58(02) 52(02) S0(01) 51(02) 61(05) 62(09) 57(04) 53(03) 61(05) 51(03) 54(06)
< Delete 61(03) 52(02) 54(05) 52(02) 62(09) 53(04) ‘ . 57(03) 53(03) 63(09) 53(05)

V 70(02) 60(05) 71(14) 61(04) 50(01) 55(06) A1 75(03) ¢ 69(14) 60(04) 50(03) 58(03)

Gauss 73(13) 73(17) 72(12) 54(02) 74(17) 53(01)
1-hot 69(11) 53(02) 66(11) 53(02) 50(01) 60(06) 54(03)
Cauchy] 73(13) 63(02) 68(12) 61(07) S0(01) 58(05) 57(03)] 67(13) 63(05) 58(05) 55(05) 50(03) 55(03) 56(04)
Mean | 73(13) 76(18) 71(11) 54(03) 78(20) 54(02) 59(13)] 69(12) 76(18) 68(11) 54(03) 79(20) 54(05) 59(14)
Delete | 74(13) 53(02) 61(04) 59(07) 61(08) 51(02) 55(04)] 67(12) 52(03) 54(04) 53(03) 77(20) 56(04) 59(09) 58

66(18) 69(12) 56(07) 78(20) 53(03) 56(14)
56(04) 53(03) 65(11) 54(03) 50(03) 59(08) 61(05)

All ages




ColonFlag

ACw~ %z %AEpi owani %BASGI ‘Az 06wl

BLwiCz SAEw~ | w
complete blood cell count (CBC)i A¢ AE£

C~ A1 A AighAigskadenoiastousCE WAWPE ¢ v %z 86 a

BBCA -~ Cingy 0év°)pnrd #id tov Ké 4" VERDWEDWEAz C ¢ A v AR AVBAAI P A W O U

PpeEvAl AAyAGAI ¢

° b1 Cl+ WEMABoRFlay oob wAOBIVE~ y GCAWHE e U6 beiv~0 AAD «
At specifivity =0.95 odds ratio (OR) 2 ¢

gC-°z wa }COA~ ¢Ev¥z dwz 1 EEY wZ v %8

HilsdenRJ,HeitmanSJ, Mizrahi BNarodSA, Goshen RZ018 Prediction of findingat screeningolonoscopy using a machifearning algorithm

based on complete bloadunts ColonFlag. PLOSONE 13(11): 0207848 >



colorectall w O 34 A ¢ v 3z

alwA O0A- EEwulu¢j § ¢CAEpS« 1 uA
C %@ +¥+6Hapi aQysdy, ¥ 6 2w
I C,EE ¢v 0
ensembles of decisiontrees AwAv %z

3 ¢CWwoy
AUC =0.82 ¢
false-positive rate = 0.5%, Odds Ratio (OR) =40 ¢

Kinar, Y., Kalkstein, N.Akiva, P., Levin, B., Half, E. EGoldshteinl., ... & Shaley 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 retrospectiigtatipf the American Medical 4
Informatics Associatior23(5), 879-890.



Elements of a decision tree

Condition (choice) -[ Decision node ]

Alternatives — an[/w
[ Decisionnode ] [ Decisionnode ]

s (R IR NERIED




Contribution

0.06 0.08 0.10 0.12 0.14

0.04

Contribution of parameters to AUC at
0-30 days before diagnosis

+ Hgb
+ MCH
+ Plis
+ Hct
N MCHC
+ MCV
+ RDW
+ Lymph%
+ RBC
+ MPV + Neu%
+ Red Line Parameters + Neu#
+ Platelets Related Parameters
+ White Line Parameters
+ Mon#
I I |
10 15 20
Redundancy

Contribution

0.10

0.08

0.06

0.04

C«Vy % 2gwoy % got WA

Contribution of parameters to AUC at
90-180 days before diagnosis

Hgb

¥ MCH

+ MCHC

Hct
T

mevt RDW

+ Plis
+ Red Line Parameters + RBC
+ Platelets Related Parameters
+ White Line Parameters
+ Mon#
I I |
10 15 20

Redundancy
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CT colonography AwAv 3z

premalignant (adenoma) y @ C- CA-wao W «CioAAD Ai° p
° E  ©vGEkcotoAoscopy %€ YV wl £ v A-0-0A WA VE wBAZC |
#YOE+3@wz Con A 0a$yweuN cwm B wWE ¥&\i A agkllv Ci
random forest AwAv 3%z ¢° pz
vywhh Cawitv: AwAv ¥
vywGLawintv: AwAv
CAABAEW~Ao £ACE AwA\
atwaoy
AUC=0.91°¢

Sensitivity =0.82 ¢
Specificity =0.85 ¢

~

first-order gray levelhistogram C«v %, s Av €A AE Y

Grosy S.,Wesp P.,GraserA., Maurus S., Schulz, CKnosel T., ... &Kazmierczak P. M. 021). Machine learningbased differentiation of
benign and premalignant colorectal polyps detected witkddnographyn an asymptomatic screening population: a piafeoncept
study.Radiology 2992), 326-335 63
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IMAGES (TEST SET)
1

[ ORIGINAL CT COLONOGRAPHY J

[ 22 FILTERS ]

| |
14 SHAPE 18 HISTOGRAM 68 TEXTURE
FEATURES STATISTICS FEATURES FEATURES
| |
|

198/1906 (10%) FILTER-FEATURE COMBINATIONS ]

[ RANDOM FOREST ]

rﬁf %3

[ BENIGN POLYP PREMALIGNANT POLYP ]
[ I

[ AUC=0.91 ]
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|. SEGMENTATION

IIl. FILTERING & FEATURE EXTRACTION

FILTERING

FEATURES

SHAPE

HISTOGRAM
STATISTICS

° b€ v 3a

[1l. CLASSIFICATION

[ FEATURES ]

@

RANDOM
FOREST

AN

.~ E

BENIGN ] PREMALIGNANT
P
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Deep Learning for FulhAutomated
Localization and Segmentatiof Rectal Tumors

i YAz alMRV: ewanwkAEG AEC £amwi AE v
MRI %¢y wl £ Ca -
Low,0/CH# wd a?t\
o E ¢ plaioAdeu Hz ®ATAgZ
LA U A £ YUdkel V3,aY ACHEBDE ALEZ
convolutional neural network (CNN A TCPy B~
a Cwaoy

AUC = 0.99(SD=0.05) ¢
BeEdwz w“LWCAEz ¢

TrebeschiS., vanGriethuysenJ. J.LambregtsD. M., Lahaye M. J.,ParmayC., Bakers, F. C., ... &erts H. J. 017). Deep learning for
fully-automated localization and segmentation of rectal cancewudtiparametridViR. Scientific reports7(1), 5301
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A Example oMultiparametricMR in a rectal cancer patient

A By repeating the procedure for each voxel of each image, we could generate a probability map,
wherep(v) is the probability of voxeV to representumourtissue.
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