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Abstract

The remarkable progress of biotechnology and medical science has led to the significant produc-
tion of biomedical data. For diabetes mellitus (DM), a common chronic disease, a large number of
medical data has also been generated in the process of diagnosis and treatment. So the exploration
of medical data has become a hotspot. The purpose of this study was to explore the short-term
admission probability of discharged patients. According to the probability of re-admission within
30 days, we can judge the effect of this treatment, thus assisting doctors to provide more efficient
treatment for patients, so as to improve the quality of life of patients. In this study, the data has
been processed, and the improved convolutional neural network algorithm (CNN-EI) was used to
perform data mining on the dataset of diabetic case data. The experimental results show that the
improved algorithm can well perform high-dimensional and large-sample medical data. Accuracy
is 83.7%. The result is compared to the result of other state-of-art methods.
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EYFARMEZEEZ#R P IR TEVEZBENKEF 4. $ER)%(Diabetes mellitus, DM){EA—Ff
HLRB MR, W AR SRR REE T KENEZSEE. Bk, BEEEBEHIEZBRANT — IS
AR ST HEEWAREHARR. RESORABRABRKER, RATAT CAAIBIXFHIEIT IR .
M BIEA N B EREERRIET, UEREBRENEERE. MRS, MNEEHIT T AH,
I FH B33k () 25 B 4 I 25 5.35: (Convolutional neural network algorithm, CNN-EI) Xt 4% R %% 5 B 5
BRI, TRERRE, SGHEHNEERBREFHAERTSE. RERNEZEE. BiZTEng
REHAEBTENSRBITHE, HHERERNS3.7%.
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Figure 1. Global distribution map of diabetic patients
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BLES 5 IR 2 A A )R, IRk a3 3] TR KB R & IR 2 SIVE L a2 S — AN 3,
BT SRR RIS ELRE /), v AR SRIZIREE IR 2R . B RT, V52 55 R RIS 5 2 BIE R iR
T B I BAR BT T, DAAR S PR R B TT RO ARG . — ORI, IX BRRI ST R AT By N HOE
Guit ITERANLES % ) 7 4] .

GuitH AR T DL SRR 8RS 5 T Re e, EBR AU, Govt J7 V24 SR AE AR B35 1D BRF 8] P £ 1
BRI I S 0 DR 2 o PN K 252 5 2 e R SV AR B 2248 P e v D7 VR a0 16 4488 B 638 SR ths I W PR
PIfER R 2 BT RE, BEALIILZT 8 3 R PR B AN 9.6% 5 22 7.2%, T LANGE B S, AR EDIRES
[5]. MRIEHEEZEIRE R, RS AN DA AT SEREEENE., [, & . ki, SIREELE,
T BT & TP BRI AHSGME o B2 HABE PR B JC 8112 T S 6]

BLES 5 2] a2 AL B & NG 5 v 2 2] (R T R U 7] AEAT AL E5 S) SR ik, AR T
Araki SEANFREH T — P T 3L Fr M E A (support vector machine, SVM)AHIZ %4345 T (principal component
analysis, PCAMH 45 & el RS SRS IR St . 1% R G H T VP4l 3825 00950 AU (8]

WFE N 7% Sneha N.ZE KRB WIBEHLARAR . SCRRIATENL(SVM). K IE AN E DU 2 SR HLAS
S1 5 VERIE B v F T 100 AR R B A . S5 EREH,  YSR R LR RN BE AL SRR R AR 2 0 A
98.20%7F1 98.00% [9]. WA WA FL 51 K FVRA R B2 21 J7 125K 70 A 45 50 5 08 PR s B85 L e (1) S s
PIE[10].

VERINLES 5 > 1) B B R TR S, IR B o m] DASE AR NS BRI ik . DAL, VR BE
o) B AR SR T, T LS B 2 vy ) 8B 2 SR E BB 2 S [11] [12]. ML 22 I HAR A S mT LA
Ry RIFIRAAE, XSS ) m) “ Hah B i 7 Witk 7 — 2 [13]. ZE0E R TS i 7o s, w9t
A1 Zakhriya Alhassan {1 14,000 % 2 BUBE SR & FESEHESE, X LSTM (K - 2 #id1Z, Long
Short-Term Memory) ! GRU (I'1#1E¥ #.7C, Gated-Recurrent Unit)i3E{T T 5591l o 1ZAR AL XT 2 B IR B A
Rz WifEA[14]. K. Kogias $2H T Fl G2 M 4% (Convolutional Neural Networks f##% CNNs) ! 7
MBS KT, BRZEEBR P IEFRRSEMEUKNAREMENZ —3K, REKHESECLS 1%
AP HRR 8 B o AR TN S MBS ZK - HER 2 730 2 84.18%A11 85.94% [15].

HR ML ERF SR R AT LR, A F0 N G308 PR 28 2 BRI 97 80 R A 1 M DN = 4R rh 7 Il BB /K-
AR b o AR E B FE O A B i NIRRT 45 3. SR, A B[ 16] [17].

Rl A SR ERHE B S R D ook, DUBERE BTG IT 5 B 5 40 0 N R A e 1 XU

ASCAE XS WE R R38R AT 20 A R0 b ER (0 ity b, A P 5ot 1 A R o 428 DX 28 Tl H o s e 44
PR RAE B AR . AR SCHI LR 4% LR 70 8. fE58 =T, AT A6 XEIRENEE: 3
SR TR RRHAESE . BTG TSI AERE L. BN RS TR iR .

2. EE

AT HBAT AR RS g . AWHFO I FBIRER B UCT HLEE2: I [18], %D
B RE 130 FKEERT 10 SERUCIE ARSI B Bl R BE %

WG UCT MLE 22 > PERIE 28t S b A B0t a2 LA A5 2 18]

1) fERBew A2

2) “BERRW” ROTEIE, BRI R AR SRR BB R N B R SR S W

3) R RZEAD 1R, &E 14 K.

4) FEAEBIARIREAT 1 S Mli.

5) EAEBIEEAT 1 24iaTT .
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WRE EREE, A 10,766 M. 54 DNEIEZIA— ML LR SFATF IR AR B AR E N I
BiJe 30 RNARFFIRABLHIEE N 0, 30 RNFHRABERIEE N 1. BEABICFARZE T AW 8 25
AT BEAE RN 8] Y FFRON B, AT T A R TT ROR o SR FEAR LR 54 Nk, S5 88 %5 Mk,
57 IS NN S N 6 U TN o= o/ N 0 ol I RA G = BB 2o NI 7 b 03 U B NI T 7
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Table 1. Some key attributes in dataset

=1 BEETH—LXREM

AR b 2 B YL
PATIENT NBR AR R ME— R IR
RACE fH: afA, WA, JEEREAN, IR, b
GENDER fH: Bk, Zrh REVE
AGE % 10 FEIFG 4 4H: [0, 10), [10, 20), *++, [90, 100)
Admission type ST 9 AN FUE M SEHhR IR, Blln, BE, R
Time in hospital M5t 21 H B 18 £ R 2
MEDICAL_SPECIALTY FIREINE R BEEFRRFF, XT84 ASANIE 1{E
DIAG 1 YL W 848 MANEME
DIAG 2 ZieWr 923 AMAENME
DIAG 3 M4 BIZ K 954 ASAFME
MAX_GLU SERUM PR R R G MR f: “>2007 , “>3007, “IEH”, FREWNE, WAL
Number of lab A I 3 TR A A £ S 26 U
Alc test result FRR G RAVC R SR AT I
MIGLITOL FaSEIR
READMITTED BB FHERABERE. 5 BETE 30 RAEHARE, MEA “<30” , #EBETE 30 REHRA

B, JMEHN “>3007 ,  “I7 R HABRKILR.

INSULIN IR RS

RIGUIF FEN Bl SR R EAT 10120 70 A . RSB R AR B L ATRTIR T, AW IUE Sext Btk b
RIRFIEEAT 1 02K ARG, A R EH RFR, YER AR S (5 2 CAGE 0 UE NI BE IR A 70 .
BRI, AL e BB A MR, 58 BRI R AT RE AW R BT A R . BRI, R A2
HOHRAESE o BT T LA W PR S8 90 1 A2 A 0 B8 bR v s A0 I 20 8 (0 B TR I A P
DB IR AL Z0 5 P 42 Ak PO U, AT RT AR 08 PR 00 0 EE A s R 2 BB TR S 06 T DA ke i
BIRE AR R p AR ThRE R B IEH . AR T RS R L E 22, it
TR RAEENE . RIS L, AUFFIEER T BEAMSHHC R Ze R R Em . A
WHFOR X e R M A DA GE S — R ARG R, R RE, ik, M REHNEAR
ABEIRE R, O EERERR T, AR5, =R ELKca: 2R AR ZE Rics.
BB 1 PR,

R B AR R gt 4R, AR AR TR RIS WG T VE 2 R . AR R T
BEIM AL, Bt A B S TR RIS WG ST o F AR IR AR M2 R 2 . FI TR T4
FiE 58 R S TS TR A 1 R B AR
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B T B O O B B AT 45 . A B AR — 0 R A B F AR A R R AR AE . 9 D R
FRI)FBF RS N e T R R EE . X, SR Fm . s R
K 2 Fin. M RERRERIER. vTREH, ZHWERR RIFIEEE, AR = EE5n
SRRAEE AR R . IR EERRIE AR B (R 96.9%101H), 3K AR (39.7%) Fl =T & L (44%) . BFFRA
R T HERIBEIMME NG, BEMER T AN, BRSNS B S04 R . mT “ik
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Figure 2. Distribution maps of samples before processing
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2.2. YiETE

IR G, PSR B A AE T S AT . 30 RNARZE 30 RN
Hiemesly 9:1.

AT IS v B2 S B (0 3 AR, JF ELIR SR A0 I B R 2 # R AP . SRR A 2R A
oA A AT, LS RUE 2 9% 2] BRI Gy R EE 2 T 2 HOCE 280, T FRA% 7 A A
X DR IREA ) 53 SENERE , Rl FE ARSI 12 URIR I S, 504 AN S 7 45 S5 45 SR (8 R FT 94,
AL EBBETEN[19]. N T ERIX— 1@, RFFRE T — oA 2 HOm B> #od KRR
(Majority Weighted Minority Oversampling Technique, MWMOTE) 131 /515, F DA RSB AS P-4 1) 2% 3T 1)
. MWMOTE 15 25 1R05) 3 LA 2 015 B4 & D HEREA, JRR I8 BT 5 Bl i 2 B A B BR IR
FRESNEAT A . AR5 R SR TR OB 5 BB DR A AR S REAS o SRR 7
AT I FEARHAL T/ BER AR T [20]. 20 SR B0 A0, R 22 HI0RE i AL/ B i ) B0 B AR 11
sl 3 pos.
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Figure 3. Distribution maps of samples after processing
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AW FORE R R 5 S FEHEAT WE I, BARIR L 52 S SEE T DU RFAEREAT IR LI 9. (HZ, % T
AW I B AT R B B 0w i sk, FEERSMAEMNTR, HFHAEE LM ERE LS
SO SEIG H BRI SEEL, R A b B R AE AT IR AN B . X IR 7T A ] Xgboost SIZRRFAE )
HEVEHATHEAA[21]. ] Xgboost Sk TH S RFIE -5 TINS5 SR AAR SGHE ,  BIECHR R0 T 25 SR ) 52
M A

Xgboost HE AR L i R R ERAERE R JFSCRF B E LR R ThRE . AT LA T 23 2 El e .
B AT CRHRS AR A B By HONBEALARAR . TS SRR, IR S A A Oy i R e 3 (1 T
SRR AT 10 £5 58 XIEVEBEAT XI5, SRAT Xgboost FVEBEAT ISR, FHARYE R ANRFIEXT 525845 K45 R
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Figure 4. Characteristic weight sorting
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KIS S5 RR], BT 500 fFRHIEA 20 4. [FIR, BUEDY 0 MRS 12 4, BUEN 1 fE T
FEAR EMSL, WEE 2 FR.

[FIRF, fEATE XL m A E B, AT SRS 1R GEHORE RN IR B A . TR ) B PR R
BB SEFMAATK, AT LAMBR . 55 405 F8 BRI & R KL, AR BUE B E B E N 700, fEIE
DRI e, IR ILE TR AR 36 AN BLEURFIE .

Table 2. Characteristics of smaller weight values

=2 RNESEMFHE
JE AR B JE 44 R B

LYBURIDE-METFORMIN 3 GLIMEPIRIDE-PIOGLITAZONE 0
METFORMIN-ROSIGLITAZONE 0 GLIMEPIRIDE-PIOGLITAZONE 0
MIGLITOL 0 CHLORPROPAMIDE 0
EXMAID 0 METFORMIN-PIOGLITAZONE 0
ACETOHEXAMIDE 0 TOLAZAMIDE 0
TROGLITAZONE 0 NATEGLINIDE 0
B, HARRHIE EE AR 3 R
Table 3. Xgboost results of feature filtering
%z 3. Xgboost FHETHILLER
FHIERA REAE R 245 R
BEEL RACE, GENDER
a RS Al CRESULT, INSULIN, MAX GLU _ SERUM. etc
Loy MEDICAL SPECIALTY, ADMISSION_SOURCE, EMERGENCY. ect
2L DIAG_1, DIAG 2, DIAG 3
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Figure 5. Algorithmic framework
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3.1. fEEE

K 5 B T RAVMER I TTEHESE ——CNN-EL. EERFEWF: 1) FIRE ) o L] S & 4
B B 2T IR, IR B B A B IEAE N IS ., SRJ5 IR CNN PEONHIESRIES - 2) A&
BT 3R R & SR B SIS AT T4 ONN SRR AEHEAT 7026 . ARSI BT IEFR A T -

1% 1 CNN-EI Si%

N BEASES S = {(x.30)2(0222 )2 (5,000 )} » FotP x, B0 n AMREAR, 4p205%8 y, {01} s T A
CNN HIERUE, BEON 1 515 ¢ o HeE SIS K RGNS H H, (x)

it BRI B E (x)

1) 1EM4&#E: For iterator to T

2)Foriton: a* :softmax(ZL):softmax(WLaL_' +bL)

3) sk 1=L-1 to2

& B W —a$ S B b a3 Y (s7)

5) AT D ={(£1.31)s(fos2)s o (S 9 )}
6) For 1tom: H, (x)
7) #ith E(x)=signd"’_ w, H,(x)

3.2. FFELRENAR

RIS ST AL S R FA T T FE AU, REE I J2= A PR I 248 85 A AR A 1 el b B B
P RARTCIESAFHIRHLAE S, ISR T2 RN o AR AT 78 rh B 50K Bl SR AR 3 iR 1
FRATTAT DAAERFAE SR I R R B2 2 2] SR i L 3 ol LA A 22 I 48 FRORPAIE, R I AP 22 X 24 ]
T A PR AR e, AP Sy, HREED I, A2 BB AR AR BE AR AL R,
I BAS 55t AL A AR e e DU AR A e DRI, D 7 R DO B S V2 (R T AR BRFAE R 2R, AT 7T
i FH 2 A e 2 I 2 SR HCK s SR O RRAIE

BRI 2% 1 ZMREGE SRR AMAL 2 BEAT RF AL SR ORI e 3, A4 R 3 AT RF AL SR A, JF
A B AT R 7228 O T R S B M A R RS, BN OE R T T — RAIBTAL.
—UBHI I (2215 HOR AL GE R AR 22 0 2% P AR ARFAE S BRRHE SR U o ot T AT 704 F AR AR B0 A TR
HEARE PR B RER A, FUILEHEL 0 LeNet-5 WE/E AR EIREUER 23],

MBI, (HA S T ERME M R, LeNet-5 /7 2, LA, FZE2EENESE
JEHRA 22 ARG, AR RS I8 18 26 AR SR 3SR U A HURFE , 28 )5 R MR A 2 NP2 Te.

WRIEIZ I T HRF =, BT LeNet-5 KIS FIANRKAIA 6 x6 x1, 6 x 6 Fontiate i
36 ML EEBERZET, BTSSR O REEVDN, BRI T BN . SRR 32, JF
FoE S B BT RFAE AT TH R AR 6 x 6 x 32 (IS BRI 76 F— M EH, 2 —4 5% 5 x 64
RIRFIE LT, B2 128 ML, W THGRREA IR, EREAREOR, FIWAH TR AN 5
AU HE, IR A DRAS F E RHIELR . RRALSR AR S AR5 IR IEEON 640 4.

33. RAFIKMEL
52O SRR K, AR ISRy A LSRR EA B L Se B AU 22 248 fi Hh = 1 Softmax

PR DAPASERECIE AR . FEASHIT TR, BRATTHRE Y SE 4 0 70 S8 A 1% G (X A AR 22 10 45 1) B 1
JERREG DLEE— AL B RRh A R 2% (190 K RE T3 (24] -
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B, SR IEENA — k. 5IAEE I H A, LI B R ORI . B 5 Ll =) 4L
SN, SRR I A AR SR .

K, BRI R, FIEBEREEIA N, AT TR RIS 5 R A0 57 25 4R UV AH
gity, PR TR I Rz ALRE ST, BN T I FH RN E S . S PIMEREER A, R T
— MRS B 2 . AT R SR B BENLARAR LIRS SRR AL A ) . Bk
(R SEELS R R

BE 2 IREHNE S

BIN: FEALE: S={(xl,yl),(xz,yz),---,(xn,yn)}, FEAR: x,, W%y,

BASHAE: C={C =DT,C =RF,C =NB}

Wi RHGE K E(x)=sign)._w, H,(x)

1) WIEHAUE: w =1/N, i=12,--,N

2)Form=1to3: 357728 w,C, (x)

>iwl(3#G, (%))
ZLWf

3) WHEE S RBENHERE(err,, ) err, =

4) it# alpha(«a, ): «a, =10g((1—errm)/errm)
5) EHBEw, =w, exp[am Iy, #G, (x,))] , i=1,2,, N

6) P —NERFIEH, (x), 4

m

7) HEREHRBE: 4, :ﬁ

8) E(x)=signd 4, H,(x)

N1 PRAE R A R 2 AR BP0 AR, i BB R4 70 R, A0 TTR A
GridSearch-CV RTINS 2 FH IS, XS HOS 73 FRG LA IRKAIRAN, WIFEA S ) F i AN =
2F o GPHT T AN IR A A S O AN A ST FO0 o RUET R, 51 1R SR A 2T 3 R iR AR 27
SF, 4 I T B 3] BN 2T F 7 FEUER R IR

Table 4. Effects of number and learning rate of base learners on classification accuracy

4. BREF S EANBREF S Rt 5 AOEH M RIRNE

FLRth2E ST H AR B JE AR B
Decision Tree Algorithms 20 0.86 0.82
Random Forest Algorithms 90 0.1 0.86
Naive Bayes 20 0.23 0.795

4. SCIGFNGER
RYNBT — R 55 LE 88 DL 5 oAb PR 95 N Bse URS: Fo00 75 v /o M B Ll st .
4.1. VG ER

9T HCRCF VRS FRATTHE H BRE PR s XIS Tl 77 vk ) 1t g, FRATTASE FH 1 2 (Accuracy), 5 A [ 2R
(Recal) FTHE ff % (Precision) 5 < H F1-Measure [25|FIVREFRE, W0 FATw:
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TP+T

Accuracy = 1IN (D)
TP+ TN +FP+FN
Precision = l 2
TP + FP

Recall =— 10 3)

TP +FN
Fl-Measure 2x Prefc'ision x Recall @

Precision + Recall

XH, TP (true) /2 7 FEN MBI VER B % . TN FN R FP 3 AR B BAPE . B BA PR A0 P P 5L
Bo ARRAREFRROBHEREARR T L, Fl-Measure S #Ef 2 A BRI IIBCEAME, R
R BB —MEE ISR, SV IRRERYEREREAT T . ROC 2k HUSHL AR5,
ROC £k I AR S AR Sk 1 50F R — 15 5 R U

4.2. FEMER

AR EE 2 7 IR s SRk AT T SIS . EAFIESREUZ , R /NI SR I E N 5 Fi10.01.
d Sklearn FESEIL T H TR GRS SN ) SOEFELAALAR = 51 0 K. LR TERL % NVIDIA
Titan x GPU [¥iHHAHL AT 1.

1) JTCHSCHE V- T A 5 R A PN e IR

MY 6 E B Bt S S HH A 0 R, AR FE I e AR 2R I 18 A 1 B SRk S S G 4 IR
XA FUAR H 1 2 T AT T . AEIX U ST, 8 H CNN-EL Bl 17 6 > 6 (M. @
HAERH T 10176 3R JIRHT LR . SEIRLE R anlE 6 Fior, A B 48 H A 20 25 1 1 St 7y R )
THER R A 0.81, AEMEN 0.84, KEFMEN 0.73, FEHFEN0.71.
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Figure 6. Prediction of short-term re-admission risk of diabetes mellitus without data balancing

B 6. JoHHE T ETHOHE PR e RE HAEE N\ Bt IXURE B T

2) 3B A A0 Ak S S YRR AR A 1D N B XU

N T BIE A S I B, AR SO B S S I B AT SR X TE L, [ CNN-EL
T 6 * 6 g A, 3£ 180,818 &%k, ¥ 7 Tix CNN-EI B ()70 Bk 1% 0y 0.837, AJLLFE !,
AT R PR R A B TR B v, ELRRI T BN, ULZ AR R R e . AW
ARy 0.902, BARRAEFHE)Y 0.741, BRRR RN 079, LG IR UG H, 2R 1 RE
RIF, AR . &REY, 2B BFHIREA R WK E R BRI 5 e .
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Figure 7. Prediction of short-term re-admission risk of diabetes mellitus through data balance processing data set
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Receiver operating characteristic example

1.0
0.8 -
Q
©
0.6
o
2 ’
S f
i J
o 0.4 1 ' A - ROC fold 0 (AUC=0.82)
= IJ f ,/ ROC fold 1 (AUC=0.85)
d 7 ROC fold 2 (AUC=0.86)
0.2 - ] 5% » ROC fold 3 (AUC=0.78)
/’ ROC fold 4 (AUC=0.85)
rp? == Chance
0.0 - —— Mean ROC (AUC=0.83+0.03)
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 8. The ROC curves of diabetes mellitus patients with balanced data trained by CNN-EI algorithm
[ 8. CNN-EI BRI S8 P SRR R & 80 ROC Bk

M 8 FTLAE Y, 25 Tk XGAIE, 5311 ROC #iZkim B Xl M4k, ROC L FifAEok, o
AR B TSR R, SRAUE T Yo b PR A R

3) XfEbseas

FESE T s A B R P A R S, R T i D IR UE A T A O, A B ST S T
AR T HAR =M FE R KB AT IR BARREMLE, R, BEVUARMANFN R DL ir, g2
TAGLE R ARbR . SLIRLE R 5 iR,

FUAth 7 A5 (1 S50 25 AR B, CNN-EL 23 85005 BAT R 1) 43 S0 B A AR e P o AR A AL )% 0 M A
CNN-EI 571078 Ve T FoAh 58002 o 7E B2 52 50 gt , 503 1) F A2 e 45 Fes FEE A L R AR B2 1),
RAEPIEZHIERIE . Kk, 2R R HER 2R E M RO FEAE S bR i S F St 1 mTRe .

DOI: 10.12677/csa.2020.105094 924 HEYLUREE SR


https://doi.org/10.12677/csa.2020.105094

FE &

Table 5. Experimental results on five classifiers of data after balanced treatment of diabetes mellitus cases
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