JAMI EI7TEEREHRFEARS (BISOHFAERBERFIFMAR)

— & OE
_ﬁxﬂlﬁﬁ .
BwmEE - HIST— 4

20175F11H23H(K) 09:15 ~ 10:45 F&i5 (10F :E=1004-1005)

[4-F-1-OP26-5] #m=E ~ AW/ -HBREAXEEZDOMESTIEFR F A
AR "2 MBS B RN FE EZ BRER, HFO 8" KT HE' (ERAY 2. HASESESR
=t 3.ENRBEEEREEY ¥ —)

(BR] BRFAETIE. MEEERARIRBKR CBEZFOAHEY RI/VEEE, MESEFARZRHAIC
FRATENIE, AREBIEITREZBELHMETE, AHEREQOIHICENZ LHFTE S, EHSITAEICE
ZHBTY R FRIRMERE Lz, AR TIIERAEEZMGEPORBELWRICMBESERAROTAICEESE
=o [BEN] BRBEEEOMBEERAREZTFUNT 2, [(FZE] IEEEFAROERZ ZRHAREAIC, [HE
64B®D HbATcHREBENSHHEMNF OMESEBZE7%% TE ST, »D, BEAHBOREEA LEZ] &L
co EFALTHOOHELAZZHEZRAIAEERGLED HbAICEZ AL, MESEDAR BIFOVWTAL%E
HAOT2ETINAREEETHEELL, FTUBER10DEIRERE CTAME L 72, FRITO2004FLAE, RRAZE
EZERMBRRDOFERRE - RKERBROARICKEL., QEFAILTICHEREDHFEZLI—FK (ICDI0E10LS
E14) ’"RERELE L THESINTERBLTVAL, 22 THALTEEE Lz, IREBIZ2006FE11H278H1 5
20165F1H29H & Lz ERSNILIE6,039ADEHEICTH30.94 (BERFZE23.1) 5, MEEEFRIE
751744, BIFIE111,4694 7 o7z, MEITAERRBCTREINS 2D, REBEIREEZZEBLZA— TV
O— 49 CREZTEARTBERTHEUEBICTR T I ETTIARER LA TREI I 2 HE TR Lz, [BR] BE
EEZHRETICHVS & AUCIED0.72, FIENOSTDETILAIEBERIN:, BRATRBEANLTHRT ZETIBEE
AELEL. AUCIEA0.78. FEN0.647>o7, [ER] MBEEFEFRREZFHL. ZOBEERILZDIEEAHR
D THD, £z, BRTHEBEADLERN T ABEDOWREICEE T E5HRALL, SHIIBFHELAEYL
TRERLEM?%,

O—M#tEEAN BAERFRER



BWFEERAVRERRNEEEOMBEETESR T A
TSI SN S SN R eAN SN IR GNP SiuE 1
*1 BURKE, %2 HABEERM AL, %3 NTT 7RV 277 nolkak ath, «4 B EERTF 5 —

Machine learning-based Prediction of poor glycemic control in patients
with diabetes
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[Background] Poor glycemic control in patients with diabetes results in the progression of diabetes-related
complications and reduced quality of life. [Objective] Predict poor glycemic control in patients with diabetes.
[Methods] Poor glycemic control was defined as the maximum HbALc level for 64 weeks from a hospital visit being
higher than both 7% and the maximum HbALc level for the past 64 weeks. A deep learning algorithm was used to
build both a binary classification model for the prediction of poor glycemic control and a feature extraction model
from the past HbAlc levels with unequal intervals. The 10-fold cross validation was used to evaluate prediction
performance. All experiments were performed using electronic medical records from the University of Tokyo
Hospital that included those of 7,180 patients, who had hospital visits after January 1, 2004, and who had diagnostic
codes indicative of diabetes. 86,299 records of 4,635 patients were poor glycemic control and 154,912 records of
6,905 patients were good glycemic control. [Results] The ROC AUC and F-measure of the prediction without the
feature extraction model were 0.72 and 0.52, respectively. These values increase to 0.80 and 0.61 by using the
feature extraction model, respectively. [Conclusions] Our findings may provide clinical information concerning the

development of clinical decision support systems for the initial screening of poor glycemic control.
Keywords: Diabetes, Poor glycemic control, Missing value, Deep learning
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