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- (acute respiratoey distres syndrome,
5 5 UhFSE W, 93kA dsked
Y ALRYET, FF XA FEA
N TFTe AAST o] AL azb

3543 ¥ (shock lung), YA &9 (traumatic wet lung), &34
719 (congestive  atelectasis), H|H<IA %% (noncardiogenic
pulmonary edema) 2 tofst olgo= EHX v glor 1994
American—European Consensus Conference (AECC) oA JAd ¥ &4
9 JAZEEETETel g AgE AAskEA wWEgsk 7]Eo]
AA At >0 o] & g Aekrte] st X5 W o] wol ATE WA
AVEET RT A QoM E W@ JAde]l dglon, ofAlE 35—
656%° % AbgEo]l HiEHI 9lo]tt mHAQd Azl dEAE
A7 O BRsE Aol
=

ARDS  ##ke] Teks Bristel AE&old A7 5 B
A A5E5 dqFse e A5 W W HIAY AR 5
ARst= " Fod Js o, teFs ATt olE flgte] o] &5
Stk o] F A Zo] 2011d 54U wEHA WaAE 5] oA
Zqto] EoZ Berlin Aoolm®, AAE U Aol o] 75
e FEEE 3TUAR EFste] Yol &8st Stk

471 AM=eh wpel ol ARDS ##e] oF Hrbe AR WEF
Ao TastH, HEA XNE5HE AlFete] dAA R YA $7] e
AL s 7] (ow tidal volume ventilation) 2 =&
S7)HH(PEEP), dH X% Y% (alveolar recruitment maneuver),
A7 8- 2 A (neuromuscular blocker) F9¢, &2}9] (prone position)

AL 183 AUt 3 F (Extracorporeal membrane oxygenation,

ECMO)7HA Am AEE =8+ del 7ol @ 4 . olg}
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Ao Al AUC 0.6° F3xpaol =F A%z deg AM¥= APACHE
II scores}? A#ABAC] that A9 A$ AUC 0.66'c=2 Z+zt
AR QG vF a1, 71 Q% o 7HA] AT} AT AF5S S

o

oJgHgon WEAHA BE e Holt muEo| uyolth
o, =l JASE AnFS olgd EAol o WuolH
FustA AgHa g w0 SAg e e JA#)

W o dolHE EAse] ARDS TAY AT & o P
A5 % 9lrtn Wk

A2ZBdd AT

Al 1 A ARDS scoring

ARDSE scoring 3t W o® 71 4y E83¥E WHE (2
1] 7% Berlin o] m®, oo w=w Ao FFEU}
Pa02/Fi02 ratios 7|+ C 2 3 WAZ U¥lof, X7t =S5 37}
obgly = FE AT £ Qth olFE U+

2l

gxpo] o5 o= 9 X5 HhEE
o]g3to] Berlin &

Berlin ¢ A9 S35 wet AEEo]
ventilator—free dayst Aslow, 77
S 7Fete], oleid EFHHol ARDS S A
AZEAL AFHEE A HAH

st AFE el

¥ 1] ARDSeIA 9] Berlin %4 ¢

Acute respiratory Distress Syndrome

Timing Within 1 week of a known clinical insult or new or worsening

respiratory symptoms

Chest Bilateral opacities - not fully explained by effusions, lobar/lung
imaging collapse, or nodules

Origin of Respiratory failure not fully explained by cardiac or fluid overload
edema Need objective assessment (eg. Echocardiography) to exclude

hydrostatic edema if no risk factor present
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Oxygenation

Mild 200mm Hg < PaO2/FiOs < 300mm Hg
with PEEP or CPAP > 5cm H»0

Moderate | 100mm Hg < PaO2/FiOs < 200mm Hg with PEEP > 5c¢m Hy0

Severe Pa0y/Fi0y < 100mm Hg with PEEP > 5cm HzO

A 2 A 7A%s F

A Fol& HolE25-H A Stae Fokol AnR dugse
Ao =7k e 2 old 24 WS R dHolye
ol W Wgs ] B nlAdd dAE oEe del Slo] V£
udA BA VRSl BlE frd d5¥e Ko, #HT o2 diarR
doleiHlol~E tidem 1 @857t wobAal St oY 7HA
ZNAStE dads oA B Aol 83 daelE2 Logistic

regression, Support Vector Machine, Gradient Boosting Machine &

A7 o] e},

2.1 Logistic regression

Logistic regression< =12 EA8=2l D. R. Cox7} 1958 o
Akst &5 RAZA, 37 9 7 TACA ol AFEdts Rdo|t
Logistic regression?® &H#& F& wWEel 53 WS #AAE
TAAR grr yehdel &5 o5 B AlgshE Zow, 43
e 789 IA- HE X = (xq, -, x) 8 FEUSE AYHE F5
Hy yghe] BA7E AgA ez Adojas 7Hdsta olgst A3 dAE
P i A i —’F AE 3 ATE FEee EEolnh ok ARkl
Ay FAREA Y= vEA F5 W WSS dHolErE He,
tlo]H7F FolzlE o s doly e A3t &

e BF /HOR B FE Yk

2.2 Support Vector Machine

Support Vector Machin< 19953 #lA]o}2] FA8AFQ] Vapnik©]
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A Are FRVIMCRE, JAFAATY w7 R H533s vjdY
HAE e olEF EAE sdsted AFs £5 7IHolth. B3t
HERiEAleA dEs] e o5 AgEs Helves A2 JA3AA S
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SVM2  ‘A¥A 93 FHAx3}(empirical risk management) =
Frete JdeAAgY 2y x4 ¥ (structural  risk)’ &
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= Yotz AAE] vk wiEel, SVME-

qgiR oz A3} (overfitting) AN AFEE & gloH,

B TtEAER QaE gE Al B2 4o dHoHE

st AeAAEY 2y, SVM A EZE ¥WE (support vector) 2f

29 dlolE vk HFHOoR  Shgo] ARESH] W,
Ao AL oFo] gt HolHREE 53 o SA 3= Yebdith

2.3 Gradient Boosting Machine
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=238 (loss function) = #HA3}ele IEtu|gHE 3= dololel &
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X5& boosting 3ttt

2.4 Hyperparameter tuning

o

A7 dagEs olgste] EA sk HAeA, SgFads] P 4
Validation= ¢l3to] o [1¥ 113 22 10—fold cross validation=
AN&skATtE. &, AA Dataset> UJE 10709 #o® YiE FHel,
97fe Fo=m sEe A H YA 17
WS ARE-SEIA T

[2¥] 1] 10-fold cross validation

Dataset
9 ; 1
Training Testing

'Cross Validation _ ‘ ‘

A3F AT Ar R AE

A 1 A MIMIC-III dataset®

MIMICZ MITellA Fasto] FHEsta A ule] F7is T4
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JEs57] dHolel 2 dNHAL A3 T FX|7F #FA|3] 7|55 o] QAT

2o oz yrjdeld AT 20WHE e S HolHE
2018l eICU Collaborative Research Database#ti= ©|F° =
Fok vb glom, B Ao o] dlolE = A7) MIMIC-III datas
43 mdo) gAaE AMgsa)

A4 Z A 2%

Al 12 AE Helg 7# &4

2 A9 ASE B4 dolEe) /B 54 BAT At o
[ 2] ¢} 2ot
[32 2] dlolE 7] 54 4]
Survived Expired
p#k
(N=1978) (N=1352)
mean age 61.8 72.6 < 0.000
F 847(42.8%) 589(43.6%)
Sex
M 1131(57.2.6%) 763(56.4%)
mean weight (kg) 88.3 80.8
mean SOFA 5.6 7.6 < 0.000
mean PF Ratio 184.5 169.0 < 0.000
mean GCS 13.8 13.2
0 1703(86.1%) 923(68.3%)
Pneumonia 0.664
1 275(13.9%) 429(31.7%)
0 1654(83.6%) 923(68.3%)
Sepsis < 0.000
1 324(16.4%) 429(31.7%)
Congestive 0 1353(68.4%) 790(58.4%)
Heart 1 625(31.6%) 562(41.6%)
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Failure
mean Creatinine 1.4 1.8
Renal 0 1732(87.6%) 1064(78.7%)
Failure 1 246(12.4%) 298(21.3%)
Chronic 0 1421(71.8%) 950(70.3%)
0.344
Pulmonary 1 557(28.2%) 402(29.7%)
mean pOgz 128.1 120.2 < 0.000
mean pCOz 43.8 43.3 0.190
mean pH 7.4 7.4
mean WBC 13.1 14.2
mean INR 1.4 1.6
mean HR 88.0 89.1
mean SBP 119.2 114.0
mean DBP 61.5 57.5
mean MBP 79.0 75.1 < 0.000
mean Hb 11.2 10.7
mean body temperature 37.1 36.9
mean RR 19.3 20.4
mean Glucose 143.0 150.6

A A¥3E AESY] B ou dAdHor {Fond JiEs
& N d A7 FH3 A#E SOFA score
< Hlwals o
= A+ ARDS 3H#be] QT EE
+ PF ratiod] A% #&+% 557 ’\]*}‘3}1‘ 2 YE =,
ol A2 PF ratio <+ 7} & v]s
st HH ofFof Qlojxe AES ﬂx}v—fﬂr /\}‘j o ﬂx}%ﬁﬂ
n)gk 2pol & &1 = oY, HEF A AT SApollA
A =2 FXE KA. o= A7|g SOFA score 4
HE A= Ao®, ARDS #HApe] glo] EFOoR tiRH =

7 1
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o Z3k= dlo] o] ROC curveE 189 U+ [13H 2]9 329
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ROC Curve Analysis

10 1

09 1

0.8 1
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0s
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03

True Positive Rate

024

—— LogisticRegression, AUC=0.727
SVC, AUC=0.716

00 - XGBClassifier, AUC=0.741

01

00 01 02 03 04 05 06 07 08 09 10
False Positive Rate

T3k, ROC curveE o|g3to] AUCE AAFSHAL, o= Berlin 49
2 APACHE <2 ol &% o= Aol vlushd th=3 2

#3. 9= Model ¥ AUC B



Model AUC

Berlin definition 0.671
APACHE score 0.664
Logistic regression 0.716
SVM 0.727

Gradient Boosting Machine 0.741

A3 A AU FLE A

A7 B4 & E3] Gradient Boosting Machine? 7ZA-¢ o &
a
=

Aol WAL FF A4S Wobd 5 Agov, o ke [
313 @rh ol% MW 9 A o} BAT AFE A vl

o] AL F FFES vFoH, 1 oz AFsEIY WS T
Pleatu pressure 5°| 5273 Qx=z2 2835t Aoz goler},
I el g AR, d9Es so=z #x] A% wX=
IS uFoH, 7]Ee] ARDS 2] o Ao FQEH

<
ZAgadd A¥EE7] tidal volume 2 AT = FodhA 42
Ao

[29 3] Gradient Boosting Machine #4 A] 93 #}9 T2 & B4
Feature importance
age 1 1 54
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Abstract

Machine learning-based model for prediction of
outcomes in Acute Respiratory Distress Syndrome

Kim Seung Bin
Translational Medicine, College of Medicine

Seoul National University

The acute respiratory distress syndrome (ARDS) is a significant
cause of morbidity and mortality in intensive care unit (ICU).
Standard management of ARDS includes several lung protective
strategies (low tidal volume and high PEEP setting), but these
managements are not effective for every ARDS patients. Those
not—responders for lung protective ventilation must be treated with
other management (prone position, alveolar recruitment, steroid, or
even ECMO), so rapid decision of responsiveness of initial
treatment 1s critical for the prognosis of patient.

Aim of this study is analyzing clinical data by machine learning
algorithm and making a model that can predict the mortality of the
patient.

Clinical data of adult patients (age=18 years) were extracted from
the MIMIC— III database and Philips eICU database. We use ICD—9
diagnosis codes and procedure codes identifying mechanically
ventilated patients are the basis for identifying ARDS patients.

Time points of ARDS onset were defined based on Berlin criteria,
i.e. PaO2/FiO2 ratio =< 300 with PEEP at least 5cm H20.

Ventilator parameters (set tidal volume, observed tidal volume) has
been used. Sex, Age, Vital sign (heart rate, respiratory rates, body

14 "':I'H-_E _'H.I: ok
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temperature, mean arterial pressure, oxygen saturation, tidal
volume), laboratory test (white blood cell counts, hemoglobin,
lactate, creatinine, bicarbonate, pH), has been extracted and
categorized. Neurologic status (GCS) and predisposition factor
(trauma, pneumonia, etc.) has been also extracted from EMR. Other
features can be extracted or engineered.

Models was developed using machine learning algorithms — logistic
regression, support vector machine, and gradient boosting machine.
The primary outcome was in—hospital mortality, and morbidity in
ICU also analyzed. And the quality of the model’s prediction was
estimated by AUC(Area Under the Curve) of the ROC(Receiver
Operating Characteristic) curve.

As a result, the models built by machine learning algorithms showed
batter prediction than classic scores (Berlin definition and APACHE

score)

Keywords: ARDS, Machine Learning, MIMIC II, Prediction, Prognosis
Student Number: 2018—25904
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