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ANN, DNN, CNN, RNN???

ANN: Artificial neural network / Artificial Intelligence \
DNN: Deep neural network

/ Machine learning \
(SVM), (RF), (GBM), (XGBoost)

/Artificial Neural Network (ANN)\

a N

Deep Learning OR
Deep Neural Network (DNN)

CNN: Convolutional neural network (8H4&A1ZA 3

A N NN

RNN: Recurrent Neural network (z=2H 42

(MLP), (CNN), (RNN), (LSTM)
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ZA™F E 2| (Decision tree)

v
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r=
H:\
g

E (RF, random forest)

v o3 7ol 248 Eg| /7171 T HO|E A HiZ(Bagging) B2 =E ZHXtQ| [ O]
HE HEY /MBHLE st58 +d%t 7 2[FHL=E B 2/7|7 EE2HE &9
= AKX &
O:I = EC= B Instance
ABH A — Random Forest
v T8 o |:|H|-: "iEl
\.
/)
Tree-1 Tree-2 Tree-n
Cla;s-X Clavs-s-Y Cla;s-X
Majority Voting
= - Fina.‘I’Class
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MEE HIE| {A(SVM, support vector machine)

Different Decision Boundaries

Graph A " Graph B

00 25 50 75 100 125 150 00 25 50 7.5 100 125 15.0
Graph C

Average Time to catch Snitch
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Gradient Boosting Machine (GBM)

v B2 gnelE2 o ie| ofct st5 7| (weak learnenE =AMHL 2 ©

A ] A s)
O ==l HIO|H 0| 7I5X| H0E S8 RFE M| LI7IHA ShEdt= HhAl
v GBM=2 7tEX| YU|0|EE ZAt 514 B(Gradient Descent) &2 0|23t

v 2%5}'\- = '| HA - 0;"K7I- Boosting

Classifier-1

e Classifier-2 .
Boosting
e Classifier-3

Sequential

Gradient

fx)
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b

W AIZIS W 2% S CHYS TS50 2

—

[ot

A
T
GBMO||& ML AT A&l (regulation) 7|5 81 2Lt XGboost 0= U3

# split data into X and y

X = dataset[:,0:8]

1® Y = dataset[:,8]

11 # split data into train and test sets

12 seed = 7

13 test_size = 0.33

14 X_train, X_test, y_train, y_test = train_test_split(X, Y, test_size=test_size, random_state=seed)
15 # fit model no training data

16 model = XGBClassifier()

1/ model.fit(X_train, y_train)

18 # make predictions for test data

19 y_pred = model.predict(X_test)

20 predictions = [round(value) for value in y_pred]
21 # evaluate predictions

22 accuracy = accuracy_score(y_test, predictions)
23 print("Accuracy: %.2f%%" % (accuracy * 100.0))

1 # First XGBoost model for Pima Indians dataset
Eﬁlcﬂlff CH|€§} ég'ﬁ§- 2 from numpy import loadtxt
3 from xgboost import XGBClassifier
4  from sklearn.model_selection import train_test_split
5 from sklearn.metrics import accuracy_score
6 # load data
7 dataset = loadtxt("pima-indians-diabetes.csv', delimiter=",")
8
9
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Xgboost vs Neural Network

-
Newval

Network

Binary classification

Xgboost 16:3 Neural Network

Multiclass classification

Xgboost 4:3 Neural Network

Regression

Xgboost 14:2 Neural Network

XGBoost

XGBoost
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=1 21'd (Deep neural network)

Dendrite

Soma (Cell body)
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ANN vs. DNN (24

o[}
als
N
=
11

Meural Network Deep Neural Network
Hidden .
 ayer Hidden Layer
Input Input
Layer Layer
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CNN-: ol-)g = Al 40

D B c1 85, convolutional neural network
v 7|EQ HA2 HO|E 0| A XA S F=Z6lf st50| O| F O B X| Bt NN HO| B 2| & 7Z(feature)= =010 SR =2| Iff H 2 I}
ot &}
v Convolution2t’d 1} Poolingdt’H = Soff 2
- Convolution: H|IO|H 2| EF S F&dt= 1M, HIO|HOf| 2 d 22| QI HE =SS ZASH E& 2 Thstn oot EFZ o2 EEA|7 = 1
- Pooling: Convolution 1’42 A&l 2| 0| 0| 2| AFO| =& &0 F+= 1Hd
v Ol 7Hef D O[] AFEIOM B2 FE5H0] ot55H0] (HE2Y ), 7HRt 10| E T
Convolution Pooling Convolution Pooling Fully Fully Output
+RelLU +RelLU Connected Connected perdictions
|

dog (0.01)

Cat (0.01)
Boat (0.94)
F Vel it Bird (0.94)
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RNN: =2M A3 recurrent neural network

D R N NN

Unfold w w w
U U U U
X
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LSTM: Long Short Term Memory Networks
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GAN: Generative adversarial networks (A4~ =L AlZah

v M XHGenerator)2F A E X} (Discriminator)2h= AMZAY 2747t M2 FHSIHAM 55t M 2.

v (RSN BN 1

v AEHXL ZE

v AH O|0|X|E ot&5t AN O|0|X|Qt ERZE7L X|Cioh H|XStEE &7 O[|0|X| £ BHE. O] ot PO A EHEo| EHEE ANtE 2H8(0| EHEY2
O|ofX|el =& REE THEe. /g0l P &7 O[0|X|E HHEHYO| MK O|0|X[2 &SI E MtE= A2 44U 5H&50| O[F0{ 3.

-—

v F /i ojgel MBLO] MZE S5t M= CiYSHRO| 2EHY22ZM 49X REHS Stodld

Training set V Discriminator

Real

e
2 /] - @ =S

Generator .y Fake image
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ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

14,197,122 images, 21841 synsets indexed
I M AG E N E T Home Download Challenges About

Not logged in. Login | Signup

ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Competition

The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) evaluates algorithms for object ion and image i 1 at large scale. One high level mativation is o
allow researchers to compare pregress in detection across a wider varisty of ebjects — taking advantage of the quite expensive labeling effort. Another motivation is to measure the
progress of computer vision for large scale image indexing for refrieval and annotation.

For details about each challenge please refer to the corresponding page.

ILSVRC 2017
ILSVRC 2016
ILSVRC 2015
ILSVRC 2014
ILSVRC 2013
ILSVRC 2012
ILSVRC 2011
ILSVRC 2010

Workshop

Every year of the challenge there is a corresponding werkshop at one of the premier computer vision conferences. The purpose of the workshop is o preseni the methods and
results of the challenge. Challengs participants with the most successiul and innovative entries are invited to present. Please visit the corresponding challenge page for workshop
schedule and infermation

Download
The most popular challenge is the ILSVRC 2012-2017 image classification and localization task. It is available on Kaggle. For all other data please log in or request access.
Evaluation Server

The evaluation server can be used to evaluate image classification results on the test set of ILSVRC 2012-2017. Please see here for our submission policy. Impertantly, you should
not make more than 2 submissions per week

Updates

« October 10, 2019: The ILSVRC 2012 classification and localization test set has been updated. The Kaggle challenge and our download page both now contain the updated
data.

« June 2, 2015: Follow-up update regarding_status of the server

« May 19, 2015: Annoucement regarding the submission server

Citation
When reporting results of the challenges or using the datasefs, please cite:

Olga Russakovsky*, Jia Deng*, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C
Berg and Li Fei-Fei. (* = equal contribution) ImageNet Large Scale Visual Recognition Challenge. [JCV 2015. paper | bibtex | paper content on arxiv | atiribute
annotations

Additional references

These are some additional publications directly related to collecting the challenge dataset and evaluating the results. These papers are all discussed in the main paper above.
Please refer to the individual challenge webpages for information about the most successful entries, and to the Imagehet publications page for a complete list of publications.

www.image-net.org
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ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

SVM 232

- OO K| QIAl iti AXIC=z
e A4 ILSVRC: O|O|X| 2I4l(image recognition) & ZICHZ
152 layers

Wy

11.7

2012 CNN 7|2t H{d &12|F AlexNetO| &5

O|%, Z4e —_rlx(deep architecture)& 7% €12|F
= 0| -?- N

22 layers 19 layers

3 57 I I 8 layers 8 layers shallow

M =e| QE, "IHN &
| 20721 LA

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13 | ILSVRC'12 | ILSVRC'11 ILSVRC'10

ResNet GoogleNet VGG AlexNet
At
#ds & 28 GPU 7|5 Tt - A= A4 S WY (MY M2 2 d =549, fwO0|EZH 2010).
# 2 dstete2 S22 RelUE Af F HEXI (ReLU HELAt — 2770} tHI7(|2)
# Datal| &2 =2|7] 3l Data augmentation= H-&%t. Data augmentationO|2t, R2f O|O|X|E H3t (X2 CHHE, =2/7], 2™ &)5tH
H| ==t O|O|X| BtE&= a7 Y.

# Dropout 0.5 2t2 F A overfitting 2X|E siZ (ZE EE AHASHK| 0 FA2 Y8 L E AHLgf 2| 7)) ('—| E|A] A2|HFAERHE
# Learning rate : 0.01, O] I 0.0012 BX} &20{L}Z (E& Learning rate= overfitting= DF7| M XZ0l= 2A =1, BX S0LHL)
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Deep Neural Network
(Pretraining)
Multi-layered -
Perceptron Y
ADALINE (Backpropagation)
A
A
Perceptron
Golden Age Al %2 (Dark Age)
Electronic Brain Stadien
Multi-layered 2xl’ Al 7:1 % >
1960 (Backpropagation) 1986 1995 2006

1950 1960 1970 1980

S. McCulloch - W. Pitts F.Rosenblatt  B. Widrow - M. Hoff D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes

X AND Y XORY NOT X — FOWard Activily ——p T
T — o _
,,,,,, — © — — ————
+| +1 2 +] + 1 1 { 2
PN 1% ] 5 5 S = =
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Prediction of type 2 diabetes using
genome-wide polygenic risk score (gPRS)
and metabolic profiles:

A machine learning analysis of population-
based 10-year prospective cohort study

Preoperative data-based

deep learning model for predicting
postoperative survival in pancreatic cancer
patients

Artificial intelligence for predicting survival
following deceased donor liver
transplantation: Retrospective multi-center
study

the Korean Genome and Epidemiology Study (KoGES)
Ansan-Ansung cohort (n=1425)

gPRS Al At

Metabolite & (Boruta algorithm)

random forest (RF)-based machine learning models
Type 2 Diabetes prediction

N=229 (training), N=53 (test)

Clinical data-based machine learning
CT data-based deep learning models
= Ensemble model

Prediction of OS, RFS

AUC

Comparing with AJCC stage

(n=785) deceased donor liver transplant recipients
Machine learning
v random forest
v artificial neural networks
v decision tree
v' naive Bayes
v' support vector machine
traditional statistical models
v" Cox regression
v' MELD score
v" donor MELD score
v" balance of risk score
Survival prediction
AUC-ROC

DEC 1,
2022

Septemb
er 2022

Septemb
er 2022

= 010kod XI-EHQ!'E

JS UNIVERSITY

EBioMedicine 11.205

Int. J. Surg. 13.400

Int. J. Surg. 13.400

24
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Machine Learning-Derived Integer-Based Score + kidney allograft recipients (n=669) July 2022 Clin. J. Am. Soc. 10.624
and Prediction of Tertiary Hyperparathyroidism « N=542 (External validation, Korean Cohort Nephrol.
among Kidney Transplant Recipients: An Study for Outcome in Patients with Kidney
Integer-Based Score to Predict Tertiary Transplantation)
Hyperparathyroidism + AUROC
Network-based machine learning approach to + N=700 Nat. Commun.  June 2022 17.694
predict immunotherapy response in cancer + |Cl-treated patient samples
patients * Network-based machine learning
Prediction of Hidden Coronary Artery Disease * (n=1710) training set Neurology April 25, 2022  11.360
Using Machine Learning in Patients With Acute * (n=348) test set
Ischemic Stroke + XGBoost model
Al model O| Of| =3t 20| A & events?t BO| &

MBHCE
Development and validation of a prognostic and  + N=567 Nat. Commun.  February 2022  17.694
predictive 32-gene signature for gastric cancer » machine learning algorithm NTriPath to

identify a gastric-cancer specific 32-gene

signature

» Support Vector Machine model (risk score)

Machine learning algorithms for predicting » HCV-TARGET registry data Hepatology January 2022 17.298
direct-acting antiviral treatment failure in  Training (n = 4894) and validation (n = 1631)
chronic hepatitis C: An HCV-TARGET analysis v multivariable logistic regression

v elastic net
v random forest
v' gradient boosting machine (GBM)
v feedforward neural network machine
learning
+ to predict DAA treatment failure

EW/HA,
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Improved prediction of immune checkpoint » a comprehensively curated cohort (MSK-IMPACT) Nat. November 68.16
blockade efficacy across multiple cancer types with 1,479 patients Biotechnol. 2021
* by integrating genomic, molecular,
demographic and clinical data
+ we developed an ensemble learning random
forest14 classifier with 16 input features (hereafter
called RF16)
+ significantly outperformed predictions based on
tumor mutational burden

Machine learning model for predicting + N=232 J. Cachexia October 2021 12.51
excessive muscle loss during neoadjuvant + seven different machine-learning algorithm Sarcopenia
chemoradiotherapy in oesophageal cancer * None of the clinicopathologic variables differed Muscle

significantly between the two groups.

* The ensemble model of logistic regression and
support vector classifier showed the highest area
under the curve value

An artificial intelligence model to predict * N=6051 (four hospitals in Korea) J. Hepatol. October 2021 30.08
hepatocellular carcinoma risk in Korean and » External validation (PAGE-B cohorts &)
Caucasian patients with chronic hepatitis B » concordance index (c-index), 0.79
* GBM-based model provides the best predictive
power
EWHA,
THE FUTURE 26

WE CREATE



Cortical Thickness from MRI to Predict * N=42 (progressed) Radiology AUGUST 2021  29.15
Conversion from Mild Cognitive Impairment to * N=75 (not progressed)
Dementia in Parkinson Disease: » 10000 randomly generated training sets
A Machine Learning-based Model » 10000 randomly resampled test sets
« AUROC
+ External validation set
* RF, SVM

* Models trained with cortical thickness variables
(AUC range, 0.75-0.83) showed fair to good
performances similar to those trained with clinical
variables (AUC range, 0.70-0.81). Model
performances improved when models were
trained with both variables (AUC range, 0.80-0.88).

Markers of Myocardial Damage Predict * n = 440, derivation J Am. Coll. 2021 Aug 24.09
Mortality in Patients With Aortic Stenosis * n = 359, validation cohort Cardiol.
* random survival forest model was built using 29
variables (13 CMR) with post-AVR death

Development and Validation * N=520 (1739 nodules) Clin. Cancer February 24, 13.801
of Machine Learning—based Model for the » XGBoost Res. 2021
Prediction of Malignancy in Multiple » 10-fold cross-validation
Pulmonary Nodules: Analysis from Multicentric ¢« Compared with
Cohorts + solitary pulmonary nodule (SPN) models
+ Clinicians

* a computer-aided diagnosis (CADx) system
* (Brock, PKU, Mayo, VA models)
Validation
* an independent transnational cohort
* prospective multicentric cohort.
AUC
» Calibration (Brier score)

EW/HA,
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Development and Multiple
Validation of the Protein Multi-
Marker Panel for Diagnosis of
Pancreatic Cancer

Thalamocortical dysrhythmia
detected by machine learning

Improved Accuracy in Optical
Diagnosis of Colorectal Polyps
Using Convolutional Neural
Networks with Visual Explanations

N=959 plasma samples Clin. Cancer
A logistic regression analysis with stepwise selection was Res.
performed to build a multi-marker panel using the 44

biomarker candidates.

14 biomarker proteins

AUC

To construct an optimal, diagnostic, multi-marker panel, we

applied data preprocessing procedure to biomarker

candidates.

Thalamocortical dysrhythmia (TCD) is a model proposed to Nat. Commun.
explain divergent neurological disorders

Support vector machine learning

analyzing resting-state electroencephalography oscillatory

patterns in patients with Parkinson’s disease, neuropathic

pain, tinnitus, and depression

Narrow-band imaging (NBI) Gastroenterolo
convolutional neural networks (CNNs) gy

Train set - 1100 adenomatous polyp, 1050 hyperplastic

polyps from 1379 patients

Test set - 300 images of 180 adenomatous polyps and 120

hyperplastic polyps

Comparison — 22 endoscopists

Accuracy (Al only or +doctors), time saving

17\ O] O} O X} fj Of 1)
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January 27, 13.801
2021

March 2018 17.694
February 29, 33.883

2020
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Development and validation of * a deep learning model to diagnose COVID- J. Med. Virol. January 2023 20.69
a deep learning model to diagnose COVID-19 19 before the onset of symptoms using heart
using time-series heart rate values before the rate (HR) data obtained from a smartwatch
onset of symptoms « AUROC
Preoperative data-based deep learning model for « Training set = 229 Int. J. Surg. September 13.400
predicting postoperative survival in pancreatic » Test set = 53 2022
cancer patients * Ensemble model
» Comparison: AJCC stage
Association of Artificial Intelligence-Aided Chest * Lunit JAMA Netw. August 31 13.360
Radiograph Interpretation With Reader « 497 frontal chest radiographs Open 2022
Performance and Efficiency » The data used were collected at 2 quaternary

academic hospitals in Boston, Massachusetts:
Beth Israel Deaconess Medical Center (The
Medical Information Mart for Intensive
Care Chest X-Ray [MIMIC-CXR]) and
Massachusetts General Hospital (MGH).

» Comparison: Radiologists

Feasibility of anomaly score detected with deep » generative adversarial network (GAN) npj Digit. Med. 2022 Aug 23 15.357
learning in irradiated breast cancer patients with deep learning algorithm
reconstruction » Training = 251 normal breast images
» Generated anomaly score (AS)
Deep Learning-Based Automatic Detection and + deep learning-based algorithm (DLA) Invest. Radjol. 2022 Aug 24 10.065

Grading of Motion-Related Artifacts on Gadoxetic for detection and grading of motion-
Acid-Enhanced Liver MRI related artifacts
+ Training set = 336 arterial phase images
« Sensitivity, specificity
EWHA,

THE FUTURE
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Deep Learning—based Detection of Solid and
Cystic Pancreatic Neoplasms at Contrast-
enhanced CT

Deep Learning Prediction of Survival in Patients
with Chronic Obstructive Pulmonary Disease
Using Chest Radiographs

Deep Learning-Based Prediction Model Using
Radiography in Nontuberculous Mycobacterial
Pulmonary Disease

nnU-Net-based deep learning model 29.146
Training set = 852 patients
Test set1 = 603 patients

Test set2 = 589 patients

Radiology Aug 23 2022

deep learning—based survival prediction June 7 2022 29.146
Training set = 3475

Validation = 435

Internal test = 315

External test = 394, 416, 337

Chest radiographs = model1

Add clinical variables = model2

Time dependent AUC at 5-year survival

Goodness: Hosmer-Lemeshow test

Comparison: clinical indexes: BODE, ADO, CAT,

SGRQ

Prognostic prediction

deep learning

Training = 1638 CXR (1034 patients)
Test = 566 CXR (200 patients)
DL-driven radiographic score

AUC

10-, 5, and 3-year mortality

Radiology

Chest 2022 Jun 11.393

30
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Deep Learning for Detecting
Pneumothorax on Chest Radiographs
after Needle Biopsy: Clinical
Implementation

Deep Learning for Detection of
Pulmonary Metastasis on Chest
Radiographs

Development and validation of

a deep learning algorithm detecting
10 common abnormalities on chest
radiographs

End-to-end lung cancer screening

with three-

dimensional deep learning on low-
dose chest computed tomography

» deep learning-based (computer aided detection) CAD
system

CAD =% Az

CAD == Al

Standard by 2 radiologists

Accuracy H|1l: generalized estimating equations

& matching: radiograph reade2t PTNB operator 7| &
O 2 greedy matching Al

2t b 23 oY

EQ™ = 5681 CXR

EAT =2916 CXR

True positive rate, False positive rate

Accuracy H|1: generalized estimating equations
PSM: age, sex, primary cancer

Non-inferiority study

Radiology

Radiology

Lunit Eur. Resp. J.
a ResNet34-based neural network with lesion-specific

channels

146717 radiographs

10 common radiological abnormalities

AUC

Google Al

deep learning algorithm

Low dose CT

predict the risk of lung cancer

AUC

6,716 National Lung Cancer Screening Trial cases
External validation = 1139

Comparison - radiologists

Nat. Med.

I:Htil-_l

Jan 25 2022 29.146
Aug 31 2021 29.146
May 20, 2021 33.801
May 2019 87.24
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Image - Deep learning

Ensemble model

A7 7| EO| E77| 9 S Ty siHe =22

Al A1 7|82 8L 07= &

A NN N NN

T

J|EN SREC YuE 220 HE 50

EWHA,
THE FUTURE 32
WE CREATE




Machine learning &+

EW/HA,
THE FUTURE

WE CREATE



EWHA WOMANS UNIVERSITY

7\ O|Bjoffeyet

;.-M
3

Gy

ol

O o

= jor
ol of O =l
0 10 E ol
<] =< or 101
o} o = olio
O Ol il <0
T X ® @ x0

™ ) R ™ ™)

< o o re)

JE
—

2R

20208 9| =

]

—

—_
(@)

THE FUTURE
WE CREATE

EWHA,



(E) OISRt S

ST UVERSITY

EW/HA,
THE FUTURE
WE CREATE



O] 2tof Xt ol

e EWHA WOMANS UNIVERSITY

- = % 308 O|L AFY

EW/HA,

THE FUTURE
WE CREATE



(%) OlLtoix| ot

o2 EWHA WOMANS UNIVERSITY

get A2 FRL7P

Kt0

__I.I.

F

8

) _

N <! Gl
T = N
Jlo ol [H)
< [H] )
Mo o ury
ol T ol

THE FUTURE
WE CREATE

EW/HA,



(%) OlLtoix| ot

o2 EWHA WOMANS UNIVERSITY

|

AQI7}?

M= 7

=
LI

. OIX|L|O] + O|2FI
xH ZRCH

THE FUTURE
WE CREATE

EW/HA,



(%) OlLtoix| ot

o2 EWHA WOMANS UNIVERSITY

oz AIEA|S /HE U 42 Ha

. T Q3 That0|E\ 7} L 2 Bt
. SF A0 st mHO| CHE HRAOME ALSLY| oj - Lt

—

o Lj2t0|E X232t - Ahs 8 DEt0|H 2 0|8
« Transportability 2@l 5! 7§ M|

EW/HA,
THE FUTURE
WE CREATE




> Data
= NS0 - vitalDB, EMR

SNUH AMC EUMC BRMH " AMZORtH R — ABLE (CDW)

Database Datab Database Database
(n =223,905) (n=66522) (n=131,867) (n=32,110) " O|C=&Y & — Common data model

@ @ [;] [:D " HetojH R - ARV |EAH HHOlH
SNUH model AMC model EUMGC model BRMH model

~—~ .  o—

— . —_—

External Validation



No surgery

Ol ZX = REHJIQ =

New bi-directional
patient-centered view

Delay and
Observation

Intensive
monitoring
during surgery



22| O1BX|55 2Eo| 02X ol EOlE

Practical! + High quality!

Light model Transportabilit Explainable Al Reducing improving
ght Mote P Y : Overfitting accuracy
Only objective (

and Multicenter _Feature | Ensemble
automatically <tud Importance Bootstrapping methods -
extractable data L y analysis XGBoost

ASA class adjusting ’

Only lab data } Cross vaIidationJ Grid search}

Attention method ’

Transfer learning ’

Federated learning




Atr;eonotl'e?” Team B: MSLHSt i S @ OpF 1t MSThetu ol 4 F ALY, and others

Federated ; | b 7| T, 2ol 8,
oA —1+&l, and others

Prospective

Team D: everybody...
study YRRy




=) O| 2oy X}y ofu

EWHA WOMANS UNIVERSITY

RESUItS—BOOtStrap (bagglng) Original data 12|34 |5|6|7|8]9/|10][11]12

Set, D1 10 7 4 7 3 4 3 9 11 9 9 10
Set, D2 9 7 4 5 4 4 12 | 10 | 11 3 6 2
Set, D3 6 5 1 9 12| 5 5 1 9 7 2 9
AUROC plot for each model AUPRC plot for each model
—— DNN 0.1341 + 0.0045 n=280
10 1o XGB 0.1593 + 0.0047 n=300
—— RF 0.0935 + 0.0032 n=300
—— LR 0.1185 + 0.003 n=400
—— ASA-PS 0.0263 = 0.0014 n=200
08 1 08
3
E 06 0.6 1
|
a3 5
2 2
=) 2 .
3 = DNN : deep neural network
w 044 04 4
H XGB : XGBoost
RF: Random forest
02 02 LR: Linear regression
—— DNN0.9223 + 0.0026 n=280 _p<-
DNN 0:8223 + 0.0026 -260 ASA-PS: ASA performance status
—— RF 0.8885 + 0.0038 n=300
—— LR 0.9346 + 0.0017 n=400
0.0 1 —— ASA-PS 0.8348 + 0.0039 n=200 0.0 -
0.0 02 04 06 08 10 00 02 04 06 08 10
False Positive Rate (FPR) Recall
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Results — Feature importance

SHAP value (SNUH)

High
preop_alb -*—- o
age -*—.—""-‘ -
preop_pt —-..—-—
preop_got -. .
preop_wbc *_"' e
preop_na ‘_
preop_plt -’—— g
brmi o - E
preop_bun +‘ %
preop_aptt *' &
preop_cr -’_“
preop_hb '.—-
emop ’—
preop_k +—
preop_gpt +
sex -|'
T T T T T T Low
=2 -1 0 1 2 3

SHAP value (impact on model output)
SHAP value (AMC) SHAP value (EUMC) SHAP value (BRMH)

B T ——— I P — e >
preop_pt e —— - preopaib — age e el e——

preop_hb ey - preop_wbc = —
preop_bun e — Faaon. — preop_alb - —
preop_pit - preop_pt - .. preop_na —
preop_got - e aviop ¢y — b - - .

age ——p— preop_plt - preop_cr g

sex

Y S — +—
L preop_hb —afi- preop_bun ——
—— preop_got —..-—- preop_hb - —{b—
preop_aptt -h— preop_cr _+_ preop_plt +-
preop_cr —— beil < preop_gat e
preop_whe —— ¥ preop_gpt -
-+ +
+ +

preop_na

Feature value
Feature value
Feature value

sex
preop_gpt
preop_k
bmi

EWV/HA, anc
THE FUTURE

preop_bun preop_aptt

preop_gpt sex

preop_k

e
preop_aptt -{b— preop_k
4
<

emop

1 2 E 0 1 2 3

= = o 1 z
1 0 )
WE CREATE SHAP value (impact on model output) SHAP value (impact on model output) SHAF value (impact on model output)




17\ O] O} O X} fj Of 1)

EWHA WOMANS UNIVERSITY

Boosting: O{2] 7H2| st Sh& 7| (weak learnen S =AM O 2 &H5-0| Z5HHA|
1 ol

XGBoost TR 0|53 HOIE0 F1EX| R0IS Sof RS 4| LA sgots

Gradiant Boost Machine (GBM): 75 X| L|0|EE Z A} 5tZ & (Gradient Descent)E 0| &%t

o

XGBoost (eXtra Gradient Boost) : GBMO|| 7|25t 10 QUX[TH HE = Gl CHYot 7|52 =2 GBMO|| H|3| WHE =W 452 E¢.

Residual Erros

Feature | Feature |
Threshold value Threshold value
< \
Y/ \\ Y/ \N
1 4y
Feature Il prediction Feature Il prediction
Threshold value | Threshold value |
\ \
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prediction prediction prediction prediction
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C rOSS Va | id ati O N https://scikit-learn.org/stable/modules/cross_validation.html

‘ All Data ‘

‘ Training data ‘ ‘ Test data ‘

‘ Fold 1 H Fold 2 H Fold 3 H Fold 4 H Fold 5 "\

Spiit1 | Fold1 || Fold2 | Fold3 || Fold4 || Folds |

Split2 | Fold1 || Fold2 | Fold3 || Folda || Folds |

Finding Parameters

|
|
split3 | Fold1 || Fold2 || Fold3 || Foid4 || Folds |
|
|

Split4 | Fold1 || Fold2 | Fold3 || Fold4 || Folds |
split5 | Foid 1 H Fold 2 H Fold 3 H Fold 4 H Fold 5 \/
Final evaluation ‘ﬂ Test data
(a) ROC curve of SNUH with 10-folds cross validation (b) PRC curve of SNUH with 10-folds cross validation
Receiver operating characteristic Precision-recall curves; 10 folds
101 - ROC foid 0 (AUC = 0 95) 101
,,' ROC fold 1 (AUC = 0.96) Fold 1 AUC=0.1916
08 1 g ROC fold 2 (AUC = 0.98) 08 Fold 2 AUC=0.0523
2 e ROC fold 3 (AUC = 0.97) Fold 3 AUC=0.1782
5. & g ROC fold 4 (AUC = 0.94) 06 Fold 4 AUC«0.1855
= 06 L ROC foid 5 (AUC = 0.96) Fold § AXC=0,2367
>
£ o ROC fold 6 (AUC = 0.98) 04 Fold 6 AUC=0.2244
S ROC fold 7 (AUC = 0.97) Fold 7 AUC=0,18%0
v o7 ROC foid 8 (AUC = 0.95) Fold 8 AUC=0,144]
- e ROC fold 9 (AUC = 0 98) 0.2 1 Fold 9 AUC=0.1908
024 Py == Chance Fold 10 AUC=0.1461
P a3 = Mean ROC (AUC = 0.96 = 0.01) 00 —— Overall AUC=0.1701
-~
- = 1 std dev
00 ] 1’ L L L L L .0 ? \J \l v v
00 02 04 06 08 10 00 02 04 06 08 10
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Internal
External
validation

{c) ROC curve of SNUH test set
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Prediction

TP
sensitivity(true nositive rate) = —— A
y(truep )= TP FN
Ficity(1 — fal — TN 1
specifici — false positive rate) = ———
P Y P )= INTFP
Actual
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Precision(82@ &)= —
(S2=)= 751 Fp 0
N
HMRE) = itivity = P
recall(A'e&) = sensitivity = TP + FN Receiver Operating Characteristic Curve
1.0 >
2 X precision X recall ,/
F1 = — v 081 PR
precision + recall S JRe
g 0.6 1 /,
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Confusion matrix
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Precision Recall Curve
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v 100 + Delong’s test (p-value)
Delong test 1vs. 2:0.747 ;
- A widely used test to compare 801 2vs.3:0.003
the difference between two =
AUCs relies on the method g’ 60 - AUC (95% Cl)
developed in a seminal paper 7 ;| — '-OA§§50(817‘30(’79'0(;§';"”9 set):
— . : -U.
by Delong et al. (henceforth ~ @ —— LASSO model (validation set):
'the Delong test’). ) = 0.765 (0.603-0.765)
Japanese criteria (validation set):

- It provides a confidence D-IWEH0ASI-0.369)
interval and standard error of 0 20 40 650 30 100
the difference between two 100-Specificity (%)

(or more) correlated AUCs.

Cancer Res Treat. 2021; 53(3): 773-783
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L) 0.8 1 // 3 ® P
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10 | oh 0.6 T Fa T
S .
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0.8 "E ,/
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§ 04 £ 0.2 s - i L4 o o
£ m r e ® ® ®
i s
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—m— Random Forest /"" /’ ] ®
0o Logistic Regression 0.0 ]
00 02 o4 06 03 10 00 02 04 06 08 10 00 02 04 06 08 10
° Bin's mean of predicted probability Bin's mean of predicted probability

https://towardsdatascience.com/pythons-predict-proba-doesn-t-actually-predict-
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np] digital medicine www.nature.com/npjdigitalmed

ARTICLE OPEN ") Check for updates
Multi-center validation of machine learning model for

preoperative prediction of postoperative mortality

Seung Wook Lee ', Hyung-Chul Lee?, Jungyo Suh®, Kyung Hyun Lee (3%, Heonyi Lee®, Suryang Seo®, Tae Kyong Kim’,
Sang-Wook Lee (3** and Yi-Jun Kim®*

Accurate prediction of postoperative mortality is important for not only successful postoperative patient care but also for
information-based shared decision-making with patients and efficient allocation of medical resources. This study aimed to create a
machine-learning prediction model for 30-day mortality after a non-cardiac surgery that adapts to the manageable amount of
clinical information as input features and is validated against multi-centered rather than single-centered data. Data were collected
from 454,404 patients over 18 years of age who underwent non-cardiac surgeries from four independent institutions. We
performed a retrospective analysis of the retrieved data. Only 12-18 clinical variables were used for model training. Logistic
regression, random forest classifier, extreme gradient boosting (XGBoost), and deep neural network methods were applied to
compare the prediction performances. To reduce overfitting and create a robust model, bootstrapping and grid search with
tenfold cross-validation were performed. The XGBoost method in Seoul National University Hospital (SNUH) data delivers the best
performance in terms of the area under receiver operating characteristic curve (AUROC) (0.9376) and the area under the precision-
recall curve (0.1593). The predictive performance was the best when the SNUH model was validated with Ewha Womans
University Medical Center data (AUROC, 0.941). Preoperative albumin, prothrombin time, and age were the most important
features in the model for each hospital. It is possible to create a robust artificial intelligence prediction model applicable to
multiple institutions through a light predictive model using only minimal preoperative information that can be automatically
extracted from each hospital.

npj Digital Medicine (2022)5:91 ; https://doi.org/10.1038/541746-022-00625-6
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Prognostic analysis

Strata ~ Cluster=1 =+ Cluster=2
Cluster plot
—— 100
1 — Training set (3-folds cross validation) Test set
i . “lanae Y z
£ < [ = ROC Curves: 3 folds ROC Curve
5 - | | &: H 10 ; 10 -
a | L% ”’, "/’1
b N I 025 R P
- p§<0.0001 % 08 q e % 0Eq —— 7
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C 021 - _ Z 02 -~ AUROC: 98.3%
NN IR T T T = ROC fa 2 (AUC - 1000 a
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