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Seunghyeon Lee® - In-Kwon Yeo®!

2SK C&C; *Department of Statistics, Sookmyung Women’s University

(Received June 23, 2020; Revised July 7, 2020; Accepted July 7, 2020)

Abstract

In this paper, the 1.24 million elderly patient medical data (HIRA-APS-2014-0053) provided by the Health
Insurance Review and Assessment Service and weather data are analyzed with generalized estimating equa-
tion (GEE) model and long short term memory (LSTM) based recurrent neural network (RNN) model to
predict the number of disease occurrence. To this end, we estimate the patient’s residence as the area of
the served medical institution, and the local weather data and medical data were merged. The status of
disease occurrence is divided into three categories(occurrence of disease of interest, occurrence of other dis-
ease, no occurrence) during a week. The probabilities of categories are estimated by the GEE model and
the RNN model. The number of cases of categories are predicted by adding the probabilities of categories.
The comparison result shows that predictions of RNN model are more accurate than that of GEE model
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Table 2.1. Summary of samples

%
g

A 5 = =P A (%)
60 34,383 39,236 73,619 (5.7)
65 184,439 205,798 390,237 (30.2)
70 154,864 198,408 353,272 (27.3)
75 98,334 151,202 249,536 (19.3)
80 67,454 159,420 226,874 (17.5)

A (%) 539,474 (41.7) 754,064 (58.3) 1,293,538 (100)
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Table 2.2. List of HIRA’s variables
5l EE)

WAN ddTE, BTTFRRE, BTQURE, ANTE, FAA AFAE, AFL, 7E
45, AEAFA, 2A4AY, PITEIE, BIARE, FPYIE, RPPRE, 29

w414 AL, Somads, ARARFEIE, A8FRIE, JTDRCGIE, H2dAdx,

Qife]  QARARRIERS, FPPRIS, 2FASE, B 95, 4L FFIEEY, 4

.y
ARGF, NP RYF, % 0%, BA/E FRAS, rFoBune, P A
ol YA AR o, 2978 A7)
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&, 39, 7R, FME, Yuy 3o
AR WAl dAdTe, AHdeEws, AHAgRETe, LAY S, AR I
A AN GATE, 2UT, AWA LENT, Eradis, O, 13] ok, 19 Rk,
AARY FEUS mE AL, FAEY B ANAS, 29, 9wy 3=
POE J:L‘cikﬂfz*;ﬁ_x’ﬁa]; %%7]% %‘i"—;ii, AHTE, A].E_E’;E, CT-.‘%—P,'—,;MRI %j'_, PET
5 3} |7, A5 ATL(LDVNE), 9AFE, 5084 T AR, 50 F A AF 4, 5094

Table 2.8. The number of major disease patients

S| g IEAS 2345 1] 5 8}
60 oA 144,107 144,385 70,578
A 119,480 130,252 63,511
65 4 134,596 132,519 68,259
A 103,569 105,844 55,649
4 97,669 96,897 50,193
70
34 67,286 66,930 36,321
75 o34 86,253 80,023 43,747
A 43,908 41,245 24,073
80 4 20,363 18,365 7,661
A 15,967 16,495 7,126
A 833,198 832,955 427,118
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%= 9= AAA A2 (longitudinal data) 2 &2 4= ch. EATACZ By, ojm ;A A1) jHR A
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e 4% (1,0,0), &4 A 24 A% (0,1,0), oF2 AHo 2= A% (0,0,1)9] 3E 7R v
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(Yij, Yija, Yijs) ~ M(1; 0351, 0552, 0553).
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N,

* GEES} RNNG Wmsi 7.8 29eech GEE 293 RNN £90] dg vge /e £
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o2 d9slazl st} (GEE+ Diggle 5 (2002), Hardin3} Hilbe (2003)). oF2e] SAS =232

AARANA AHGE FEE Hira't dloBAE 0|, ld: 4] ‘BAN dATE, Vi 24w

(12,302 TAG Aotk AFAEAE o T $1 7145 (Wearher) 2 ol 2] 7147}

<pWeather> A, 48 aeln Aol £RH A A A FAARAW 54 B2 T2
3 Aehel meh A8 Fhol $7 sHde] glrka 1] oY) wie] 907 Asct

i bl ru

PROC GEE DATA = Hira;
CLASS Id Y Area Gender Age Week;
MODEL Y = Weatherl - Weater8 pWeatherl - pWeater8 Area Gender Age
/ DIST = MULTINOMIAL LINK = GLOGIT;
REPEATED SUBJECT = ID / WITHIN = Week;
OUTPUT OUT = Result PROB=Prob;
RUN;
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Figure 3.1. Structure of RNN based on LSTM. RNN = recurrent neural network; LSTM = long short term
memory.
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AHeEE tEAQ 7| A Sk Wl o 2= RNNo| 9ttt RNN-S Hopfield (1982)0] o8] 1etd &g
Zolm H oA = Hochreiter2} Schmidhuber (1997)¢] A 2+3t long short term memory (LSTM)
719F RNN& o]§35t] A[7ke] Ajoll i 8 Ao i NIESE oS3t
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m ojgst FAE AX wHEHoR JRE Huo]EdT o AL F3 A 2H O E(Ch)E FUlAdel
X A3 Ao|EE F8FHEA 283 ARE S AR Aol A o2 BAE AL A
oIS 948 il
LSTM 7]¥F RN A3t7] Sl = A3} g4 (activate function), S+5E (learning rate), 2%
3} OE]’_I—Y_E]‘U—(OptlleQI‘) 22413842 (loss function), 249 % (hidden layers), 3%
of gtt. E Aol AEH RNNoJA & 51F A5 0]7] W&ol €AH R ol & Sl
9] Fejof] 2A A= W AIEZ 3] (cross-entropy) & AT e N '}01]A-1,,] A3
% Z18y 3} t‘i]]%% 7N, EHEL 0.00022.2 A3l on Adam Optimizers ©]-&3FAth.
EAAE A4k BEAS TEet HolHE AR dHeR] g AE3 372 o] T
< A17)Ed o]& 98k wix](batch)S] F7]9} epoch& A3oF 3=t F& dlo]E9] wiXx]+& 4330]H,
Epoch& A A3t 2% 200022 U} 2,000 epocho] A= 1 FAHH A4S o83 7t
dlojEle] H-88 wo = EHX]% o]t B A5 Al 7HA] ®Fo] e FEFS 45 T AU
t}. BA2 64bit Windows 102 A A 3}ol|A] Tensorflow 1.8 2 NVIDIA GeForce GTX 1080 Ti7}
F2HE GPUASFE A A= it
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A HolE F 0% FANE Adste] FAARE ALAAT UrlA) 0% 2ulaE 98 43
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A RABANAE B g Tol 7k e B hRE fo = 2= gk,

gt 2
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Table 4.1. GEE estimates for respiratory diseases

633

PP A ) Ay g A 2
F3x BELA % -3k FARAA wmEA - p-3k

a4 0.198  0.035 5.62  <0.0001 —0.375  0.106 —3.55 0.000

Sor = BAF7)e —0.064  0.011 —5.72  <0.0001 0.531  0.030 17.53  <0.0001

o= duxt 0.108  0.004 24.43  <0.0001 —0.189  0.012 —15.59 <0.0001

3 ek —0.075  0.003 —23.79  <0.0001 —0.041  0.010 —3.98 <0.0001

g = BAES —0.020  0.005 —4.11  <0.0001 0.041  0.013 3.16 0.002

ANG = FEAUNEE 0.120  0.004 27.19  <0.0001 0.047  0.012 3.89 0.000

AP = FF=27¢ —0.129  0.011  —11.56  <0.0001 —1.134 0.032 —35.05 <.0001

A = FFAA7|Y —1.705  0.275 —6.20  <0.0001 0.412  0.713 0.58 0.563

HF = FF W s)g 1.094  0.184 5.96  <0.0001 —0.080  0.476 —0.17 0.867

s F FALRAIE 0.042  0.003 13.90  <0.0001 —0.055  0.009 —6.48 <0.0001

A F g7 —0.311  0.012 —27.08 <0.0001 —0.334  0.031 —10.85 <0.0001

Az dux 0.017  0.004 3.79 0.0002 0.140  0.012 11.71 <0.0001

A xR —0.017  0.003 —5.43  <0.0001 —0.067  0.010 —6.65 <0.0001

A FPgES 0.148  0.005 30.94  <0.0001 —0.044  0.013 —3.33 0.001

A F JFAAUEE 0.046  0.005 9.94 <0.0001 —0.024  0.012 -1.95 0.051

A = JF2Y 0.345  0.011 31.86  <0.0001 0.094  0.031 3.00 0.003

A = FFAR 7Y 2425  0.282 8.60 <0.0001 —5.039  0.730 —6.90 <0.0001

A Z=FFAE7Y  —1.720 0.188 —9.13  <0.0001 3.504  0.488 7.18 <0.0001

A ZF FALQRAT 0.005  0.003 1.70 0.0887 —0.094 0.008 —11.54 <0.0001

219 (AME) 0.334 0.014 24.84  <0.0001 —0.876  0.034 —25.79 <0.0001

A Y (F4h) 0.208  0.012 17.86  <0.0001 —0.506  0.026 —19.65 <0.0001

A (AA) 0.204 0.014 14.34  <0.0001 —0.798  0.035 —22.55 <0.0001

A () 0.188  0.011 17.13  <0.0001 —0.534  0.022 —24.23 <0.0001

2 (F3) 0.192  0.013 14.89  <0.0001 —0.846  0.030 —28.66 <0.0001

A9 () 0.119  0.013 9.29  <0.0001 —0.618 0.028 —21.82 <0.0001

219 (&4h) 0.238  0.012 19.13  <0.0001 —0.117  0.023 —5.02  <0.0001

2 (A7) 0.264  0.011 24.58  <0.0001 —0.523  0.023  —23.11 <0.0001

A9 (744) 0.522  0.039 13.36  <0.0001 —2.176  0.120 —18.21 <0.0001

A A (F5) 0.265  0.029 9.08  <0.0001 —1.763  0.087 —20.31 <0.0001

2 (Z) 0.011  0.011 0.98 0.3266 —0.413  0.021 —19.68 <0.0001

2 (A8 0.024  0.019 1.30 0.1945 —1.148 0.052 —22.25 <0.0001

A9 (Ad) —0.039  0.013 —2.96 0.0031 —0.634 0.032 —19.88 <0.0001

A (AE) 0.238  0.020 11.93  <0.0001 —1.092 0.056 —19.38 <0.0001

A9 (A) 0.118  0.012 10.28  <0.0001 —0.512  0.024 —20.98 <0.0001

A (3A) 0.174  0.002 84.83  <0.0001 0.161  0.004 41.20 <0.0001

A2 (60-64) 0.127  0.005 28.34  <0.0001 0.145  0.009 16.62 <0.0001

A2 (65-69) —0.041  0.003 —13.00 <0.0001 0.165  0.006 25.85 <0.0001

A8 (70-74) —0.206  0.003 —65.01 <0.0001 0.139  0.006 21.62 <0.0001

A3 (75-79) —0.262  0.003 —76.67 <0.0001 0.083  0.007 11.97 <0.0001
oz A Ao tigt #AHS opd iR Ao Z2e)x] 2 Aoz FAHHT ol wet AA 1

W2k 5 o 2ol 29 B8R $E AR FaFRD 5 drks AL oud.

o] e B4 AL Y Aol td 7 P FEol o} 54 A=, A, Aol w6
Fo| 7144 Eol wel 2 o] XL AP ERE Loty fgoz 7 HEe FEd dgd BEF 2
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Table 4.2. The comparison of GEE and RNN

71& 44 GEE RNN
TEAS 99089.3 42552.4

Ch T3S 97659.9 43961.8
D723 91901.8 37717.4
sE523% 952426.8 592421.6

Co ikl 967580.9 619791.4
72 % 923106.5 553856.5

GEE = generalized estimating equation; RNN = based recurrent neural network.

Calendar Heat Map of Total_REAL_S S35 Calendar Heat Map of Total REAL_&%1 %5 Calendar Heat Map of Total REAL_U]: 3! U 5HE2!
2014 201
I Al T J 1 20 ]!
i o, H i
L B ! [ |
P R
Calendar Heat Map of Total_RNN_2Hi|S Calendar Heat Map of Total_RNN_I 2 & 15}x%]
2014
5500
!
SV e P
Calendar Heat Map of Total_GEE_2Hi| S CalendarHeatMapovTulal GEE 1| 5 W 5hER

2014

I8 Fil 0 I 0

Y [ o Fe Ve Ax Wy M J Mg Se 0a N D

Figure 4.1. The comparison of GEE and RNN via calender heat map. GEE = generalized estimating equation;
RNN = based recurrent neural network.

T dY+E F 7G-S Foke Aoty &, ng & AR Fo jHAR 2E(160) o &S AA B
At B 02 A 2o jHAl 25 kWAl MR(k = 1,2,3)0 ek BEe FAgtolzn
3t FY Aol thsix= 5L 73RS ARSE 7] w2l jHA 25 WY BE SAkEel o Al

F9] g2 FYUE. IHBE Ny T iHA £ jHA IFAA A HF sk xR
$0]1 Nijpes BARYS Sa] 249 B25841 39 Nije = ny;0i07F DTk WoF 26 2349
5 goll tist He iy A& ez} sobd

Nigr, = E Nij0ijk

Jj€g

LSTM 7]%F RNN 23 A=9} GEE A3 A= S vlasty] sl thaat 22 71&< Lefs) 2ot

. 2
51 160 3 ( 7]\/‘”.,@)
222—7
i=1 j=1 k=1 Nijr

51 160 3

Co ZZZ‘N”’“ *Nijk .

i=1 j=1 k=1

Table 4200 AINE 7HE WE A 7b4 Aol hste] GEE #4237tk RNN 2423} o A%
2 Fohe 2o vebget
ujF Sote] AT WA B FAYe] WAL E ol SR )

N' 2 = 21601 n7,201]2 = :[L
3ol AA| B9} vl s 2 okeh Figure 4.1 F 515 5 34 Awe]
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Table 4.3. The comparison of GEE and RNN
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