2024 4" Proceeding of the Data Science Conference

° Yy ¥  a % & v ] a v o v =
ﬂ'ﬁ'Vl'TmEJﬂ'ﬁL‘U'ﬁUUiﬂ'ﬁ"’U'm']EJsLu 12 %QINQ%QQQﬂQﬂMLLNUﬂQﬂLQU Iﬂﬂi‘lﬁﬂqilﬁﬂugﬂ]@%ﬂiaﬁ
NYQINIA Wawa’, ASATIN WazLAesH?

UNANYD

o

R

@

nUszasdifleUszgndliniadoudvoanionndisyiuenisndunniuinisfiusunaniduniely
svoziaan 72 Falus Wleatiuayuunmduseunungnidulumsussiiuthevaaldsuougeliannsondutuld Tngld
Foyayn MIMIC-V-ED Faduteyaangrudoyanvszidouvesunungnidud Beth Israel Deaconess Medical Center
dlesueaiy Usemaanisoudnszningd e, 2011 - a.a. 2019 anuiules Physionet Gediduaunaithiuuinisd
LLmuﬂgmauﬁy’wm 220378 A%q Imaﬁminé’um%’w%miﬁgﬁl,l,wuﬂgﬁLa‘uma“lu 72 4134 10,090 A%s (4.58%) 146
wstanun 22 Fauds Tneflndudedeyaiauuuiifionsliaunavesdoyn wasdoyailiitnisdaniseanulsiaunanes

8 4 35 Aw Random oversampling, SMOTE, Random undersampling et Class weight Wisthuuisuiieu

e
s

B
UsgdnSnmvesuuudiane 4 Useinnuan Laun Logistic regression, KNN classifier, Random forest classifier ag
XGBoost classifer wui1 Jayaiiliiinisdnnisauliaunadanaliiuuuitaeaien Accuracy a48ia 0.95 s Recall

Wiy 0 @il AUC winiu 0.5 lalwansnanmsviinenuugy widlelinnsdanisanuliaugavesdeya wiazisvenis

‘:4

Jansanuliaunavestoyalinainiualiunnsiieiu lneuuudaesiildis Logistic regression laf AUC gefian Ae
Wi 0.61 Mallannisadiawuudnaesmuin duusndanuddglann n1938ads we a1y Werd seauaulig

srggaNTeglulaungnay dasimsiuvesiil

AEARY : WNUNANKEY, NINEUIINTUUINNTEY, 72 Tania

! wdngasinemansuinindgin anvnive1nisteya auyineimans uniivendeasuasunsilsal nganng 10110
2 AL ANGNANERS UNTINENASUASUNTILIA NN 10110

* Corresponding author: E-mail address: peachapong.p@gmail.com

MSDS CS SWU @2024 303



2024 4" Proceeding of the Data Science Conference

Prediction of 72-hour Re-visit to the Emergency Department Using Machine Learning

Peachapong Poolpol", Sirisup Laohakiat’
Abstract

This study aimed to develop machine learning to predict re-visit to Emergency Department (ED) within
72 hours of 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 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.
The study investigates techniques for handling data imbalance, including Random Oversampling, SMOTE,
Random Undersampling, and Class Weight, to train various models: Logistic Regression, KNN Classifier, Random
Forest Classifier, and XGBoost Classifier. 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 significant differences, with Logistic Regression models achieving the highest AUC at 0.61. Key predictive

variables identified include diagnosis, gender, age, race, pain scores, length of stay in the ED, and heart rate.
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