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Patients who are discharged from the emergency department (ED) with the approval of a physician,
but experience a worsening of symptoms and require a revisit to the ED within 72 hours may face complications due
to potential misjudgments in the initial assessment, affecting patient outcomes compared to hospitalization or referral.
This thesis aims to develop machine learning to predict re-visits to ED within 72 hours among patients who are
discharged from the ED, supporting emergency physicians in evaluating patient risks for re-visit after discharge.
Utilizing the MIMIC-IV-ED dataset from Beth Israel Deaconess Medical Center in Boston, Massachusetts, USA,
spanning from 2011 to 2019. This dataset, available on Physionet, contains 220,378 emergency department visits with
10,090 (4.58%) resulting in a revisit within 72 hours with a total of 22 variables, including gender, race, age, mode of
arrival, acuity level, body temperature, heart rate, respiratory rate, oxygen saturation, systolic blood pressure, diastolic
blood pressure, pain score, length of stay in the ED, and diagnosis. After data preparation and cleaning, the study
investigates techniques for handling data imbalance, including Random Oversampling, SMOTE, Random
Undersampling, and Class Weight, in order to train various models: Logistic Regression, KNN Classifier, Random
Forest Classifier, and XGBoost Classifier, a total of 29 models. The findings indicate that addressing data imbalance
significantly affects model learning, with accuracies reaching up to 0.95 but recall at zero, resulting in an AUC of 0.5,
which is equivalent to random prediction. However, the performance of the imbalance management methods did not
show any significant differences, with the Logistic Regression models achieving the highest AUC at 0.61. This
suggests that complex models may not be necessary and that simple statistical models, such as Logistic Regression,
could be sufficient. Nevertheless, the moderate AUC values suggest there is room for improvement, possibly due to
the limited variables and the noisy nature of the data, which was not designed for standardized collection. The key
predictive variables identified include diagnosis, gender, age, race, pain scores, length of stay in the ED, and heart

rate.
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0.

1
= aa

69 Tnainl XGB uay votlng classifiers A AUC ANgARS 0.74 wiLU1A1889 VC 1A F1

score figeigaRa 0.25 TN UL A8 XGB ﬁdmwhr‘fu 0.07
N19AN®I1209 Gao wazAmz"” MnasAne lulsanauafianisnuseudn
(Veterans Affairs hospitals) Tufiagiasa ludleudseunns 2014 ann 4 lsawenuna tneld
dayaanievutlezunn 2013 Lﬁlfaﬁfmwﬁmwm?ﬂﬁum’nﬁfm@nL%u%ﬂu 30 1 184
Bawtlszanns 2014 taafidilo 22,734 pulunnsinmz uazil 4,937 Auiinduanginglu

30 Fu Amilu 22% lneddadeiiantneedldu
1. ﬂi’@zg@ﬁqiﬂmméﬂqmﬁu 218 WA ADTUNTNANTEA AR sEAUATINANTT

seazinanfiag uagisnismig
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2. ANUTNNIATHFNALAZAIAN

3. Anldaneannnisdin lulsanenunalutiewnin

4. lsndszansmiteradaide e
TaelduLusnand logistic regression lunnsiiaszsiiazinuadaaan C statistic ndnafi
Fn AUC uaztdeaiuuuusnaedliliinisdoufinniiulinaden dansiulsfinan -
value < 0.05 AINN1TILATITHULLAIADIULLNAADAE KWATNITNIAIUINS shrinkage
coefficient e lunsRansansfuntsaugianniiuld e msduLLsaes
Aaeds splitsample method taantiviiudayadnusy Train 50% wardeyadiuiunig
Validate 50% wazlda¥rsunudianaiu 3 uuy nafidasdeilduazilszdnininaas
WLILAABIATT

1. wunsdnansii 1 e lddeyaianns fayaialuvesdilag uazaniugnig
\ATEgRauazdIAn HA1 C-statistic 1AL 0.568 grufudeyarin uaz 0.556 duiudeya
NAADL

2. uuuanaesh 2 Wdayaanuuudiassd 1 uazArldargainnisdainiy
Tsanenunaludnauutn 861 C-statistic Winiy 0.748 A usudeyailn uaz 0.748 415y
I83aNAADL

3. UULAAEST 3 Iﬁmammmuﬁmmﬁ 2 uaglstszansaviseilade e
w031lne {AN C-statistic Winfiu 0.773 A msudayain uaz 0.763 Awslidayanagay

(19

= ) ) = a v A o
NITANTADN Lin LAZARLE Lﬂuﬂq?ﬂﬂﬂqiuumuﬂ@ﬂLﬂuﬂ@ﬂaﬂ')ﬂ'ﬂllﬂq?ﬂ@‘]_mq

1
aal

FuuFniednnielu 72 daluedauannisdondies Tnensifsauinausyndnegiloaninng
o o a ¥ Ay ve o . . YR AY M v o

nauNnFuLInsgnlasunsinu lulsanenuna (Admission) uazgilaanlildsunissnm

Tulsewanuna (Non-admission) TaeiinnsAnsnandayaseud19dun 1 unsan 2014 D9

1
o

Jun 31 fuaan 2018 tneAniaananizgiaaninisnauuniuuinisginielu 72 49Tue 7

)}

Hengninnagn 20 U Tnadngdilaenldldsuntsitiasainaaiuainisianiies fulenilsanis

3

©

aansu grlhanldndutinulneldldsuenmimanunme wazdthangndesianiainunun

a
1

ywaan Inarfadaniinunldlunimmaesilsznausas

[50) SN )]

o v

o dl Qi ¥ 1 k4 ! o a
1. ‘]j@"’QEIVILﬂEITlI@\‘m‘UH‘]JQEI 1mm WA g ?Zﬁﬂﬂ’]?ﬂ?ZLﬁJuﬂ’)qNﬁ;uLL?QLL@?.Z

g7

1$9m9 ATYIITW (AN RTNIY wazdRINIsWuIesiala), szAuANLlan, ANAY

Ta%in, Uszdmnnsmmasaniaiinisnalay Teatszansn wazilsydfinnsunsndasvias
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2. laduinendasiuszun Tun svazinainiseg luunungnidu a1uounig
¥ ) Yo o oI/ Vv a one = o aa
audtan Uszdinaslaiumdslunisnsaaniaiesd JiRnisvsenismean1eia@daneg uay
sdmnnasuniasnenlulssnenuna
Mnndsauiaulaeld Multivariable logistic regression Tunnsatasnzsintlass

= o o o

a4 A a o a Y < R aa o
LAENNHNNA I@ﬂL@@ﬂﬂ@@ﬂ 2 LU AR ﬂ’]?l@m@?ﬂ@m\?‘wm@V]Nuﬂ@qﬁfqu\?@ﬂmqqﬂﬂqﬁ‘wq

v

univariable analysis uazn1siaantaqde@maaads Backward elimination Laz szl
UseANBNINIBILLLAABINANER fael Akaike information criterion (AIC) TeATsNazLili
o dl 1 4 d‘ = o o & 1 o ¥ o
wLuaa9antaula wazld ROC curve e AnEIANNENRLS T rdeTade LAz 915y
U3n1sdnntasunisinemalulsananuna wazld Classification and regression tree
. , . = LA v A o v o ¥
(CART) 1lu Validation analysis Iaain1sdnswudn dgtlae 6,829 AuNnALNNFULEN9EN
nelu 72 49lus Inendgdaeidinmsiaiuan 702 Au G198 35.5% NlATun1ssnmlu
TaanenunailanauNnfuLinign tneliladedesniiunldaseuuuanaaslann szauns
dsziiuAnuguissiazisanau nslieauilanuanasa ang uaznisldsunismeaania

Weslfjuimnig Iaeléirn AUC winriu 0.716 (P<0.001)



UNN 3
AaAL RN
sduuunsian

a o a’r = . % a a 4‘ ¥
n1saastidun1sAneLuY retrospective TnalddayanAand dadudeyaues

Yo dl Y o a a % dl val [~3 U 77
ulaemdnsuiinisuunungnidu anssuugudayan iinisfiudeyaliuds
tszansi g lunnsass

T dayagiloandrsuuinisluskungnidu 3a MIMIC-IV-ED Gailudayaann

v =

a dl . A o
FIUTAYALITICLLEUTBIUNUNBNLAUN Beth Israel Deaconess Medical Center lHAILUARR LS

funagngiand Usrmaanigawsnaszndasd a.e. 2011 - A.A. 2019 A1nsdulas

https://physionet.org/content/mimic-iv-ed/2.2/ Taanslaniasdesyasaaiug ldaunniu

nnsausnnTIae luAlaes CITI Data or Specimens Only Research wazmesidugiuaanld

v

1aNA sign the data use agreement for the project ri'au%mmsmﬂ%ﬁaﬂi’mw

al

20, 21
m’/( )

U o/ | dl a o
nauFaaeei [ lun1aiay

A Yy v tdl Y o a a ¥ :’/ 1
wanlddeyagUsedfutinisluunungniduaingiudeyariannniaelaid

'
o 1 =2

nsgusaneing dududayaseuineda.a. 2011 - a.a. 2019 IngdinuEginisiidiuaznisdn
o dgl
AANANL
¢ o ¥
LNERNUILUT

1. wWugndengssus 18 Tauly

2. flugmitlszdnnislafuewynlinduinn iWennfutiEnsuasngniany

MNNISARAAN

i/dl Yo s =2 i‘/ dl o A o v a
1. Lﬂu@jVILLNllﬂﬁ“]_lﬂ’ﬁ?ﬂ‘]ﬂ”] auitunaununngiiadealazfndulalunng

al 1

ety iy laisansas wauntszudnanisinmn djasnisinm
2. ilugnddsednlasuaynyinlisunisinmlulssmenung viiesasalilds
ADTUNENLNABY

1
vl

a aa a
3. dlugnasaannis lulaungniay

S RHE
T gadayagiaefidisuisnisluwaungnidu aandulss PhysioNet Tag1udasya

MIMIC-IV-ED Taerldfinnsssydayadouynna 1y e winana watlszansalsananuig

El Q

o o Y o

A0NUNN19Y Sumanthiie wardnisgudndnsuusnisTudiaausazauliunnsislilan
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FununFuLsniease Insdayaavaryludead a.A. 2100 — 2200 (A1nANT A.A. 2011-2019)

Y o o o (20, 21)
Lmﬂmummmwmmumiizummu

andeyalugiudaya MIMIC-IV-ED dszneauday 6 msnedail

1. edstays ifludayavasnisnifuuinasnunungnian tnudsznaudeya

v
o

NUNA 425,087 U0 WAL 9 Aaany lnalseazBanRIAIsNg 1

¥ aa

2. diagnosis \udayaresnisafiadelsanasdeyalaadusihnnaanmnlasy
NNSRNEIY (trained coders) WAIaINTRNTAMNEaanaNuNLNgnIduLas iRy Useass
lunasAnunipnldane Tnenfunndeyanaaszuy 1ICD-9 wea ICD-10 (ICD = International
Classification of Diseases) Tneitlsznaudayaiansn 899,050 una uaz 6 paany tnadl

= o

PNLATIBLAAIAITN 2

3. medrecon Wludpyareanisianislszaiugnanisen dadusanisnesend
drlelasunaudniuisnisluunungniay Tnatdsenaudeyaisunn 2,987,342 unq waz 9

o c IS a o

paaNy IneHINUAZIRUARIATIG 3

4. pyxis Wudayarasnisanaanlaeiasasansedm ludmn 4 luunungnian

v P4 4
1

o & y o o = & oA = o AN My ' 1y =
V]Quiﬂl”ﬁ?qﬂﬂqﬁﬂqnﬂmqfﬂggﬂﬂumﬂlumq?qqu Lu‘ﬂ\ﬁ@’]ﬂﬂﬂ’]'ﬂq\‘]mrJVILLNLLmﬂﬂQW?J@QﬂLﬂﬁ‘@\‘l

u

e ENER TUNR Liu mﬂﬁ’m@ﬁﬂuﬁﬂwﬁiﬁ’z@qm@mﬁﬁfm%m@ﬂLau Tnedsznavdaya
Favaim 1,586,053 una uaz 9 padwl TnuleazBenfenen 4

5. triage \fludayaraenisianiefansasdilan Wnadaannsafiundaiy
u’?ﬁmi'ﬁLLmuﬂ@ﬂLau%ﬁmiﬁ’ﬁlmiﬂizLﬁuqumummw Lﬁﬂﬂimﬁu@zﬁumqm@m%u
Tmmﬂ@:n@u%yj@%@um 425,087 409 uaz 11 peany TnaisneazBunfInige 5

6. vitalsign Lﬂuﬂi’@g@mﬁmﬁmmﬁm%wmmﬁQ’ﬂf;ﬂ@g_uisl,w,l,muﬂ@ﬂ@u Tne
ﬂizﬂ@uﬁﬂgmﬁwm 1,564,610 w02 uaz 11 AadNY tnadisuazidanfinignem 6

Lﬁmmﬂﬁlugmiﬂsﬂ@ MIMIC-IV-ED lsifinsszyangaesgilos nanseanisaiuom

2182995198 Adumeasldn1919 patients %uﬂuma‘w@giugm%g@ MIMIC-IV a1
MIMIC-IV-ED Lmzﬁ’mﬂ%’ﬁ@ﬂwﬁmqmmq 1295198 f‘fuﬁmﬁuﬁmiﬁumuﬂ@m@u

.

Tpe1srnaudanatanim 299.712 U0 WAL 6 ARANY IALNINEALIRaAAIN1T19N 7 T9lad

u

I
o a

nstntlatndiaadiuniuisnig Tnavinnisquilludibauwsdazau Wutuuugusening a.a.

a

v 1 1
{

2100 - A.A.2200 Tneiss@adn anchor_year 395zl lum1319 patients Tugnudeaya MIMIC-

KX v = °o v o | o a o ai Y o a :I/ dg/s./n dl
IV A3ABINNITUNTBHAANINATT NIATUITUNIDNEATY D IUNLAITULTNNT VIQHH‘]J’JHV]N’]Q
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siaust 89 Haulil anchor_age axgnasAniu 91 inatnitadayaldliainisnszydndu

filevinule Wesanffihaaruauldunnidengseus 90 1
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NSEUIUNITNINY

Tunnsadaafaildnimnlunau (python) lunisdnnisdasya uasimssiidayaly

= % d‘ = o v o = dgl [
N17FEUs1e9LATeY TnalingruIunIsiNeIuea9InIsaiRuLaNaeslunsAnEl A9
ndsznau 5 InaBusuainnisiidideya uasantiusinunszuaunszandays v
o ¥ o v ! o ] v o ¥
nsinANazendaya n13dnaadeys nisutasArandaudssing o imunzaniunnsld
U antuinnisuiiedeyasanidy training set uay test set Areidnsdau 70:30 Tnednya
Tudauaed training set azvinnsainadeya ietdeyadmaaeuiuuuuanaeesig o tne

o = = o P o ° : C =
wiwllAnasfsaumaunszuaunisdanisteyanlianns Tuuuud1aedsig o antuas
Ul 14D test set iiatlsziliutlsz@ninan wavilsaunaulsc@nininaousiay

WULANAB

Raw data

|

Data cleaning

|

Data preparation
- One hot encoding

¥

Training set Test set

| !

Data preparation
- Target encoding  [---------------------- > Transform data
- Feature scaling

Imbalanced data treatment
- Random Owversampling
Imbalanced data - SMOTE
- Random Undersampling
- Class weight parameter setting

¢ h A

Trained Model

Y

Model

v

Performance
evaluation

ANUIENAL 5 LRUAMNWLAAINTZLAUNIINIINU
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o v v
nsuINTaya
Tunnssaiazinisindnlausirdusunisldeannisnlnneu (python) aelausn
dl [ %3 dl [ £ a Y v o v 1
suannldlunnsdnnisdays Jsnzidayas warafrauuuaiaaslaun numpy, pandas,
datetime, matplotlib, sklearn, imblearn, xgboost a1ntuazid dayalugduuuln g

Comma Separated Value (*.csv) Aqgl pandas

G L
NITLATENTBHA

nsweandaya taun n1sdndndeya nisdrsadaga nnsinanazaiatays An
v dl 901 1 o 1 v [ v 1 v
aandayandi nasudasArandaussng o Wimunzaniunisldeu iy nasutlasdeya
dszinnuiiangs Wusaulslnaisaennsyia ordinal encoding, one-hot encoding 34 target
. a o o o a o d” o
encoding Iaafanaulin1sALlkNNTAYE (Aeldanslunwdsenay 15)

o ¥ o

1. i uazdimaniens edstays Hesanidunisamsn wazdrmadeya T
fdeyaduaeflidnuniuiinag LLmun@m@uﬁ%ﬁu 425,087 A% Aaudtaeiiunfuisnng
205,504 A SedlEtae AuiAeaufiin i3 nsiuiungni@uanniian fe 321 A% S1uan 1
AL 389891AR 210 AST 4119 1 Au urasATaesuaw 135,562 AufidtszdRuniy
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Percentage Distribution of Race

WHITE

BLACK/AFRICAN AMERICAN

OTHER

niszney 10 uaRARAIUIRTRTR WHaNNNIIINd DA

1
a v a J

5. d199ad03AT8N199 MU BAINUNLNGNIERW WU HaaNgnanuiendy

11U Aty 56.7% 1A5Un175n=160 1ulsaneN1Na 37.3% Lazasau 7 AaugnluAI919 8

uaznIndsznay 11

FI1974 8 uanNFasazaadInnIsainetsanuaungniay

nsamingdileanuaungnauy OERE
HOME 56.70
ADMITTED 37.34
TRANSFER 1.68
LEFT WITHOUT BEING SEEN 1.42
ELOPED 1.30
LEFT AGAINST MEDICAL ADVICE 0.44
EXPIRED 0.09

OTHER 1.04




30

Percentage Distribution of Disposition
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Minimum TsLils@An919
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AN Vital sign Minimum limit Maximum limit
Temperature (degree Celsius) 35 42
Heart rate (per minute) 20 200
Respiratory rate (per minute) 8 40
Oxygen saturation (%) 50 100
Systolic blood pressure (mmHg) 50 300
Diastolic blood pressure (mmHgQ) 20 150

Pain score 0 10
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Reuvisit Table (Duplicate)

34

Index Vislt table Patient Intime Quttime index visit No.
Patient Intime Quttime index visit No. A 02/03/2080 10:00 02/03/2080 11:30 0
A 02/03/2080 10:00 02/03/2080 11:30 1 A 05/04/2081 10:00 06/04/2081 05:30 1
A 05/04/2081 10:00 06/04/2081 05:30 2 B 01/01/2081 05:00 03/01/2081 06:00 o]
B 01/01/2081 05:00 03/01/2081 06:00 1 B 04/01/2081 06:00 04/01/2081 10:00 1
B 04/01/2081 06:00 04/01/2081 10:00 2 B 05/02/2081 10:00 05/02/2081 11:30 2
B 05/02/2081 10:00 05/02/2081 11:30 3 Cc 01/01/2081 00:00 01/01/2081 01:00 0
C 01/01/2081 00:00 01/01/2081 01:00 1
Merge with Left join
Patient Intime Quttime ‘ Intime (Next visit) Outtime (Next visit) index visit No. Revisit gap time

A 02/03/2080 10:00 02/03/2080 11:30 05/04/2081 10:00 06/04/2081 05:30 1 1year +

A 05/04/2081 10:00 06/04/2081 05:30 ‘ Null Null 2 Null

B 01/01/2081 05:00 03/01/2081 06:00 04/01/2081 06:00 04/01/2081 10:00 1 24 hour

B 04/01/2081 06:00 04/01/2081 10:00 05/02/2081 10:00 05/02/2081 11:30 2 1 month

B 05/02/2081 10:00 05/02/2081 11:30 Null Null 3 Null

Cc 01/01/2081 00:00 01/01/2081 01:00 Null Null 1 Null

nnsznay 14 uaasasnIsAuInsEzInaN NN ILENN U UNgNIENIuATIA lUnAsAN

Qﬂﬁmmmmmmmuﬂ@m@u (Revisit gap time)

15. aF196auls nnsndaunfunisfneinununanidun el 72 dalug

nasanlasunisauing linauinu lnaAiuaann revisit gap time Adaandnuzawingu

72 42714 WuIIRAIUIUNITNAUNITULFNE1N8 T 72 Flie a110u 10,172 ASe Aaly

4.61% ANNYINUNRA 220,378 A5




425,087 visits from
edstays table in
MIMIC-IV-ED

q—| Calculate age from patient table in MIMIC-IV

Data Cleaning
- 439 visits was dropped due to irrelevant gender
with patients table

A

- 35,995 visits was dropped due to irrelevant gender
or race within the same patients

Calculate length of stay (LOS)
from outtime and intime
- 53 visits had minus LOS (outtime and intime was

”
-

¥

388,653 visits left
after data cleansing

swapped)
- 48 visits had zero LOS (outtime and intime were
|5imilar}

168,275 visits were excluded

”
-

¥

Disposition # Home
- Age < 18 years old

220,378 visits meet
inclusion criteria

Impaort Diagnosis data from diagnosis table
- using icd_code as representation of diagnosis

A

transform diagnosis data from long form (seq 1-8)
to wide form (9 features)
- Mull data were replace by '0' (as new code)

Import Vital sign data from vitalsign table
- rhythm feature was dropped due to 96% missing
- temperature feature was transformed from degree
Fahrenheit to degree Celsius
- pain feature data type was correct from object to
numeric (some data were treated as Null)

A

numerical features were treated as Null if they
were lower than minimum limit or higher than
maximum limit (limit were describe by professional
knowledge)

- mean or mode was represented for numerical
feature in one visit

- Mull data were replace by mean or mode

Import triage data from triage table
- acuity level is representative of triage

A

- other features were dropped

- Mull data of acuity level were replace by mode

4—| pyxis and medrecon tables were not included

Calculate re-visit gap time

"
R

h 4

from outtime in index visit and intime in next visit

- 10,172 (4.61%) visits had re-visit within 72 hr

total 22 features
- gender

- 210,206 (95.39%) visits did not visit ED within next 72 hr - calculated age

- race

- arrival mode to ED

- acuity level

- temperature

heart rate

- respiratory rate

- systolic blood pressure
- diastolic blood pressure
- pain score

- oxygen saturation

- length of stay in ED

- diagnosis (seq. 1-9)

h 4
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1. Logistic regression
2. KNN classification
3. Random Forest classification

4. XGBoost classification
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Percentage of Revisit within 72 Hours by Gender

Revisit within 72hr
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Tudnsdoulnaihesiu fn 53.42% uaz 51.26% lunguidnisnausniuisnisginialu 72
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Percentage of Races within Revisit 72hr Groups
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FI979 14 UAPNHANTIA99AAULT FBNIFAUNNNNTUNLNGNLBY

MSAUNIGNALAUNRNLEY  nauNISuLENIsd  lainausnsuusnisdn

melu 72 dalug melu 72 dalas
(%, A71UN) (%, A7UU)
AaeiMLLed (WALK IN) 65.91% (6,704 m;\‘l) 72.59% (152,585 ﬂ%@)
ﬁ’hmm@mﬁu (AMBULANCE) 32.96% (3,353 ﬂ%‘:\i) 26.64% (55,991 ﬂ%\?)
paeaanallinas (HELICOPTER)  0.02% (2 m%) 0.02% (41 ﬂ%\‘])
FtiABan 0.30% (31 A5) 0.34% (711 A%9)
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7YH1 3 66.35% (132,275 m:‘?q) 62.93% (6,749 mff“q)
TEAL 4 7.52% (23,375 m;v\i) 11.12% (765 m;“\i)

A1 5 0.32% (838 ASY) 0.40% (33 AY)
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Percentage of Acuity Levels within Revisit 72hr Groups

Rewvisit within 72hr
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1.7. Logistic regression NdAn1saa1nldannaresdayafauds SMOTE

WAZAINUAAN CLIUANENAYK (C=1) InaudnInalss8NTNINIBILULANARY A

Nnlsenau 28 Larm19e 17

40000
35000
No Acute revisit 21089
30000
T 25000
a
g 20000
=
15000
72-hr ED revisit 10000
5000
No Acute revisit T2-hr ED revisit
Predicted label
10 A 10
=i
T 0.8 = 08
= =
2 3
G 06 1 ‘v 06
£ £
B &
[
£ 044 = 04
w [=}
= =
W
£ p2 £ 02
w
=
0.0 — LogisticRegression (AUC = 0.65) po { — LogisticRegression (AP = 0.03)
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 10 0.0 02 0.4 0.6 0.8 10

False Positive Rate (Positive label: 1)

Recall (Positive label: 1)

nwdsznau 28 NN Confusion matrix LaznaInuans AUC ‘llﬂ\‘ILL‘]_IlIQO'W@@\?ﬁ 1.7




53

1.8. Logistic regression NdAn1saanldannaresdayafaads SMOTE

WAZNIUUAAT C 111 0.01 TAEILdANAL T2 ANTNINTBILLLANADY AININLUTZNAL 29 way

AT 17

40000
35000
No Acute revisit
30000
T 25000
a
g 20000
=
15000
72-hr ED revisit 10000
5000
No Acute revisit T2-hr ED revisit
Predicted label
10 A 10
=i
T 0.8 = 08
= =
2 3
G 06 1 ‘v 06
£ £
B &
[
& 04 = 04
14 =]
= =
W
£ p2 £ 02
w
=
0.0 — LogisticRegression (AUC = 0.65) po { — LogisticRegression (AP = 0.03)
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 10 0.0 02 0.4 0.6 0.8 10

False Positive Rate (Positive label: 1)

Recall (Positive label: 1)

nwdsznay 29 NI Confusion matrix LazngInuans AUC ‘llﬂ\‘ILL‘]_IlIQO'W@@\?ﬁ 1.8




54
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1.13. Logistic regression 7l mm:‘mm”l,aimQmmﬂ’mﬂ@é’wmiﬁmum
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3.2. Random forest classifier NAAN1sA NN AN LRITRYAAI8TT
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3.4. Random forest classifier NAAN1sAN N AN ALRITRYAAIETT
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4.3. XGBoost classifier N1AAN17AINN
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4.5. XGBoost classifier N4nn17Ax llauna03d0yafaan13i1MLA

scale_pos_weight 1 y #1na Ineuananalsc@nanInaeshuuaaes Aenindsenay 50

BASANTIN 17

BO000
50000
No Acute revisit
40000
T
=]
a
w 30000
=
20000
72-hr ED revisit
10000
o
No Acute revisit 72-hr ED revisit
Predicted label
10 10 4
=
T 0.8 = 08
= =
2 3
é 0.6 -E 0.6
z z
T
2 04 = 04
w g
e &
> 2
£ 02 £ 02
u
=
0.0 —— XGBClassifier (AUC = 0.66) po { — XGBClassifier (AP = 0.10)
T T T T T T T T T T T T
0.0 0.z 0.4 0.6 0.8 10 0.0 0.z 0.4 0.6 0.8 10

False Positive Rate (Positive label: 1}

Recall (Positive label: 1)

nwilsenau 50 NN Confusion matrix waznIINLans AUC ‘LI‘LNLLLILI’QO'W@@\?ﬁ 4.5




M3 17 NALTZANBNINUBUULLINABIFNN 7]

75

LULANAD

accuracy recall roc_auc
score score

1. Logistic regression
1.1. Logistic regression ﬁiﬁiﬁmﬁmmimmiﬂmm@ 0.95 0 0.5
2e3tayA Laziuuael C G (cC=1)
1.2. Logistic regression ﬁiﬁiﬁmﬁmmimmiﬂmm 0.95 0 0.5
299103 Lazinuaen C 1w 0.01
1.3. Logistic regression ﬁiﬂﬁmﬁmmmmﬂﬂmm@ 0.95 0 0.5
Pesdasya waznuuAAl C il 100
1.4. Logistic regression ﬁﬁmm@mmiﬁ@u@mm 0.66 0.55 0.61
da3asae3s Random Oversampling WaZANMLAAT C
A Gusy (C = 1)
1.5. Logistic regression 17; me@mmiﬂmmmm 0.66 0.55 0.61
da3asaeas Random Oversampling WAZANMUAAT C
1l 0.01
1.6. Logistic regression ﬁfeﬁfmm@mmiﬂmu@mm 0.66 0.55 0.61
da3asaeas Random Oversampling LAZANMUAAT C
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1.7. Logistic regression ﬁﬁmm@mmiﬂ@u@mm 0.66 0.55 0.61
feyafaeaa SMOTE uazrnuuns C idurnSusu
(Cc=1
1.8. Logistic regression ‘1'7; ”mm?m’miﬂm@mm 0.66 0.55 0.61
doyanneds SMOTE uaznimuaal C il 0.01
1.9. Logistic regression ﬁﬁmmarmmisimamm 0.66 0.55 0.61

v ¥

doyaneds SMOTE uaznivuaai C il 100
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LULANAD

accuracy recall roc_auc
score score

1.10. Logistic regression ﬁ@”ﬂma‘mmiﬂmmmm 0.66 0.55 0.61
da3asae3s Random Undersampling waznnuuasn C
A Gud (C=1)
1.11. Logistic regression ‘17% ”mm@mmhi@u@mm 0.66 0.55 0.61
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111 0.01
1.12. Logistic regression ‘17; memmﬂﬂauqmm 0.68 0.53 0.61
%’@H@ﬁ')ﬁﬁ% Random Undersampling WAZNIUUAAT C
il 100
1.13. Logistic regression ﬁﬁmm@mmiﬂ@mﬁmm 0.66 0.56 0.61
fayanILN1INIMUA class weight 11 y aNRa uaz C
A Gusy (C = 1)
1.14. Logistic regression '17% memmuiﬂmamm 0.66 0.56 0.61
fayarILN1INIMUA class weight 11 y axna uay C
111 0.01
1.15. Logistic regression ‘17% ”mmafmmhizmamm 0.66 0.56 0.61
fayarILN1INIIUA class weight 11 y aNRa wax C
il 100
2. KNN Classification
2.1. KNN Classification #ilaifin1sdnniseanallaianns  0.95 0.01 0.5
SNGRH
2.2. KNN Classification fi§annsaanulaiganazes 0.85 0.18 0.53

v ¥

da3asaeas Random Oversampling




A9 17 (si9)

7

LULANAD

accuracy recall roc_auc
score score

2.3. KNN Classification ﬁﬁmm&mmiﬁimmﬂmm 0.76 0.31 0.54
iayafaeRs SMOTE
2.4. KNN Classification ﬁﬁmmsmmiﬂmamm 0.6 0.53 0.56
”mﬂ@ 2138 Random Undersampling
3. Random forest classifier
3.1. Random forest classifier #lsifinnsdanisanalsl 095 0 0.5
ANAATDITAYA UATNINUA max_depth = 2
3.2. Random forest classifier fisannsaaaldaunn  0.72 0.45 0.59
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max_depth = 2
3.3. Random forest classifier ﬁﬁmma‘ﬂfnmmu@@ 0.95 0 0.5
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max_depth = 2
3.5. Random forest classifier ﬁﬁmm@mqmmum 0.71 0.48 0.6
YedayanILNIININUA class weight Ty auna LAz
max_depth = 2
4. XGBoost classifier
4.1. XGBoost classifier 7ilaifin1sdanisrnnulianma  0.95 0 05
SNGRE
4.2. XGBoost classifier ‘1'7; ”mm?mmiﬂmmmm%w 0.92 0.11 0.54
AaeRT Random Oversampling
4.3. XGBoost classifier ﬁﬁmﬂﬂ?mmiﬂmmm@ﬁmﬂ@ 0.94 0.03 0.51

neiAs SMOTE
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A9 17 (si9)

LULAIADY accuracy recall roc_auc
score Score
4.4. XGBoost classifier NdAn1sAN laNnavasiaya  0.23 0.88 0.54

838 Random Undersampling

o
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