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observed variance

VR

theoretical variance’

H ) AR (over dispersion), VR<1 o] ¥4 AFZ (under dispersion) 2} 3} VR=1
5

2
ke
@
Qo

=

=N
&
w0

e

(e}

@

z
B
L
o
=
[
ok
(an)
AN
=
IA
—
o
o,
o
1o
oY
AV
o
o,
o
2
rlr
Y
i)
o

Bglo] 27k hf sk e AEILHW 1< § < 32 Aol gl mek ) FL v xS
Atk Tokg REE UEHY 5 AT P 2o REE ) 4T 5ol BfEH Bt
DW R3e who), 5 AE, e 42 RFo] ofs] o 4 93 o) o] o4y Amol 483 ol

e o) = 3 log((@) = (@* )

ol

£ Hrjastel 44 73 4 ek
Yol 719zt B(Y)3 24 Var(Y)=
QoiAl £:4 24 BEE olg 3ok

i

24zt vt 2ol vepd 5 et €3 ¥4 (closed form) ©]

)
i
o
>,
oglt
o
o
T
fo
=t
td
oflt

2oz ZPALES 18Tl o] 2y 2lo]E 3] A2 F (discrete Weibull regression model) & Az}
& 4 ok SPAFES 2 BXE w2t gF W15 Yol gsiAs oflel 2ol

e 4 gl

il X = (LXi--,X)E plel SANSER olfold MEolh. Sgusse 247 B4
g(X)S ()2 B8l 97T 4 duu] B dAFolMe g0l tetdwt SYHSSL AT VX ~
DW (q(X), )& LA Yol FAREFSE ofele} 22



14

Hanna Yoo

1— (y+1)*? =0,1,2,---
Fly:q(a).5) = {0 e

y < 0.
e Tt 2ol ek 4 gltk

f(y7Q(:r)7ﬂ) = Q(z)yﬁ - q(a’,)(y+1)ﬁv for Y= Oa 1727 Ty 0< q(fIJ) < 17 /B > 0.

43 ghol & ARG AL obelsh 2ol tehd 4 9w
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FHFEC] 252 (missing value) 7} = off o]E FAStL E4= &
gYge] wolAAl At A AESAEE 98] AAGH] Hrke 19
AL sto] A8k W Eol Wel ARH I Stk 25
imputation) ¥} T AW (multiple imputation)©] th. & A=
dictive mean matching) ¥'HE AHESH & 2 FAES AASTE o] WEE 37 B oA &3
< o] &3lo] A& AE thA5H= HH ottt (Heitjan¥} Little, 1991; Schenker®} Jeremy, 1996).
Y=, Y)EnNd A p7le] AF-E2 ol FolAdE Bl st Y, = (Yir, -, Yip) &
PR A T B 2 S T Y = (VP YOS = (Ve Y g
747+ 2kg FE Yol #2249 doleet A= dolgeta 7Hgskak. 28| 7 Aol dis) 2 AR 71
A a=EY™e|Ye)el 2RH I ASAE 7P 77k A e Al Ak

3. FulAZ Iz A (KNHANES) 218 &4

3.1. dloJg] A

SUAZGF2 A (KNHANES) = 19950l AAE 3007452 Al 16300 ZAS A=
Q= A FRY A7 E GERAe ) 2007 ARE =F7HEAY A9 S A 2007 o] wid
AlBE R Qa1 B A 7| 2258 B8 Ho]eu Qlt}. Lee 5 2010)% A7 F2AL AL
Y U RY Yo R mE 9 o8 AE vm EAETE ES Kim 5 (2008)2 &5A
S W2 g5l Ax 284S 5F FUAGIFRAL 2006 0% A5 E U R 1W7 YEAMH|A
(o], d9) o1& Zgol dFgFS vA+= ﬁ?_%% 2z thE A8 JARAE AAEnh 19
L 38 B o8 AMulA 35 disiAE A8 3AAE o]dste AR o4y ool BE S
AL 7= Zo] ¥ AT Aoz AlgHT. B AFoflA ARSSE Al 77] 1A= (2016) RS 7P
HZ AREA o] AR S0+ 8150 BY 19 JALTol FTFE vAE= LI5S Fohi7]
3 o4ty gtolg FARPS AUt 19 Lol FFE A= QSR 1T HyES
AW (sex), LFo] (age), /59 (town), 7} 25 A4 (home income), ¥&Z (education)}
4 (job) CIATk. A 77) 1A= AmelA Lol AgR WS T4 R A WEES) AFEL ol
Table 3.1 YERQITE AT} ol ZEX7F S48 U 7H &5 AHEHSE 0.4%9] 22
A5ES Btk IS55EL 8.4%Y A5ES EYA AYY AS5ELS 25.1%E AHeE =2 4
SES Btk 193 499+ 8.2%9 4S5ES HAT o 2982 (0, 0, 0, 0, 365) 2 VHER}
AEE AL st DA AR 72.8% 7F 17 4E LTI 022 YERTH

1397 Lol gk £2+ Figure 3.10] YehglEt] 2HoA By vpe} o] 2 F27F A%
3l AZ O FE ALAHUYSS EAT 4 vt 3 A7 AESAE EAet 8.2%] AE5ES Ve
Zr QA el A7) shvEts SR8 ol JMAlES A AL E4) s list-wise deletion method-&
AHEE A dlolEY 25.6% 7F AA =a AA dlolEe] 74.4% Rho] EA4 ] AMgE o AyHow H
Aol @ojd 4= git). wetd 2EXES 9 UlA (single imputation) ¥H 52] 31191 predictive

mean matching (PMM) WS o]-83lo] tA|st & o] sjold BgS Agsie] 197 99 A5
o] AL HAE WESE dolR A ST,
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Table 3.1 Descriptive statistics and missing rates for the KNHANES data

variables categories n (%) or mean (SD) missing rate
sex male 3665 (45) 0%
female 4485 (55)
age 41.81 (22.98)
town town 6604 (81.0) 0%
country 1546 (19.0)
home income low 1407 (17.3) 0.4%
mid-low 2047 (25.1)
mid-high 2316 (28.4)
high 2346 (28.8)
education under elementary 2665 (32.7) 8.4%
middle School 820 (10.1)
high School 1881 (23.1)
university 2101 (25.8)
job management, expert, 2134 (26.2) 25.1%
service etc.
agriculture, assembler, 1328 (16.3)
etc.
no job 2638 (32.4)

260
1yr hospital stay

Figure 3.1 Distribution of 1 year hospital stay in KNHANES data
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Table 3.2 Maximum likelihood estimates, AIC of the KNHANES data using discrete Weibull regression and zero
inflated Poisson models

variables DW Z1p

sex female -0.199* 0.110%*
age -0.003* 0.017*
town country 0.0119 -0.137*
home income mid-low 0.181* -0.332*
mid-high 0.240* -0.727*

high 0.220%* -0.917*

education middle School 0.025 -0.272%

high School 0.036 0.011

university 0.044 -0.097*

job agriculture, assembler etc. -0.006 0.312%*
no job -0.088%* 0.736*

other =0.290*

AIC 18280.94 59062.88

*: p-value<0.05

2339 Ad 7]1E2 AIC 32 7SS 3l o] oAty ftolE RF o] AIC Fho] = 93 =
ok 2y 7 E‘jr 458 Zob 17t Lol Tk P2 oy gfolE B o] A o] ¢ &
drhs e & 5 Adrk oAy gholE Byl ZAste] 1dF Aol A (sex) o A% 24
of mlsiA of/de] 197 JALre SAT7F sl =30, A% (age)S E=5F 190 4 €
9] ZA7 =4 ettt &5 ARE$S (home income) 9] ol & 31 25%°] B3] LA &
5 255l ddE s A dedse] FA7E FelsHAl A vebgth Al Aeolle dEA

(management, expert, service etc.) ol H|3|A] F21 A7 1A AL L5 FAF7F F8H4 =

Al Ve,

olgf Figure 3.2 & AZXE td JAHLS AF2sle] A|st T glo]Bo|iy YT} AZXES B
I+ Al AT complete case (CC) o tigt FAXFES vl Tz oltt. 2EX &S A 42
3] zﬂﬂs}oq 2 ZFR (complete case)ol] Thsto] FA g Aol oA Fol & WpEo] Aol
1S o Ut} &, vo] Bes &Y dAHA 4¢ T«]‘G}ﬂ] UERAI B 2hd A5 Aol o
3R] Al vrERG ‘ﬂ"iﬂ, o5 2] WF7} 3 (high school)2} 4 (university) 91 Aol CC £
ATt Fo A Ut ASAE BT AAS A9l AA vlolEe] 74.4% Tro] AMSEERE AA

do] Ho]& 4 9th

ot AS5A7 dv ARCA G HARES o]85te] o4tE gholE RIS H-§3t
£ o] &3A] %L complete case (CC) & HAE Ao thsir] olg thkat AlY 3
s)< W3 ATE Y|X ~Discrete Weibull (¢(X), 8)&
exp(—exp(fo + 61 X))o 2t R5EL 6y = —2.6,0; = 0.9, f = 48 3T} 3 79 E=guis X ~
U0,1)= ddEZE 2T E 3193 missing mechanisme ¥42] A= (missing at random; MAR)
< 7t AA B2 27]S n = 50,300,500 37HA1 2 AAsa ASEL 20%, 50%, T5%E Bt
o] Z+ Al B ol 23 oA HLhAE (SI) I CC 9 AFALE v stgih Table 3.3 oA
3 A7E A3 Ao]T Figure 3.3 X2 Uehd &2 27 €A 280z T8 Aotk
Figure 3.3& EH FE9 377} 502 A% ZE Z2&EA ©¥ tiAlge] CC B} AFH =7}
ZA vgti CC & 25F 3ol uhet 9FF A=7F 932 AT 4 hAE-2 AFY =7 A Het
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—— Complete Case
Single Imputation * %

=) o <
3 «© 3
3

*: p-value<0.05

job(2)
job(3)
beta

home income(2)
home income(3)
home income(4)
educaion(2)
educaion(3)
educaion(4)

Figure 3.2 Discrete Weibull coefficient for using single imputation and complete case

Table 3.3 Bias of 0p, 01 and S of SI and CC under various missing rates with n = 50, 300, 500

n = 50 0o 01 B

missing 20% CcC 0.8661 -0.0990 -1.5940
rate SI -0.1548 0.0747 -0.3775
50% CcC 0.6605 -0.5602 -0.5764
ST -0.1691 0.17064 -0.3766
5% CcC 5.3064 -5.9265 -2.2404
ST -0.9578 1.1041 0.1397

n = 300
missing 20% CcC 0.3183 0.0619 -0.4216
rate SI -0.0584 0.0362 0.0800
50% CcC 0.1017 -0.1789 0.4649
SI 0.0072 -0.0956 0.0720
75% CcC 1.6090 -1.1642 -0.1298
ST 0.5496 -0.3422 -0.3298

n = 500
missing 20% CC 0.7699 -0.0018 -1.033
rate ST 0.0551 -0.0071 -0.0472
50% CcC 0.4215 -0.0735 -0.1081
SI 0.0177 -0.0410 -0.0051
5% CcC 2.1260 -1.490 -0.8070
SI -0.2137 0.0731 0.2324

5} Atk BEHE0] BRE F7
o A% 57t Fo]l AUHoz 4 Atk: A
T SI 7} CC Rt} AFAE} 4538 2
=7t 3A 7 deg B3tk 25Fo
2= 9ty FE9 37]7} 50091 A= ST o AL
B} JAgA =7 A3 Fopx| A uk CC 2] ZH$oll=

%7} Z7beHA v
A2 FHel 37171 30091
A58 50%R ST
9 Tdf‘f}%* e e i
TEO I77}

T HFA L 7} Zo}

2
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A7) Fethe e AU  doh. B2 AT SOl Az 2S5AF Sle Brole olE Al
ST $AS o Ao 247 9 BIRL ¢ 4 Aot

0 \\ [ — 0

(a) n=>50, missing rate=20% (b) n=50, missing rate=50% (¢) n=50, missing rate=75%

201 ~ g 20 20

0.0 \ 0.0 e = / 00

e .
(d) n=300, missing rate=20% (e) n=300, missing rate=50% (f) n=300, missing rate=75%

oto Caso
Imputation

r r r
thetad thetat beta thetad thetat beta thetad thetat beta

(g) n=>500, missing rate=20% (h) n=500, missing rate=50% (i) n=500, missing rate=75%

Figure 3.3 Comparison of bias of and of SI and CC under various missing rates with n = 50, 300, 500
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4. A&
£ Gl A S A AR AR S AIAEE 2 AANE 1830 AAlsiel B
£4g H43 B F o)4Y Dol 57 BYE Agssirh lolEls] BEA I AE (over dis

persed), ¥4 AFE (under dispersed) == %/‘1-}?_ (equal dispersed) 91 F-$ o] &0 &+ HE3 4 9]

]
) o
£ o] ol4HY ol A ARYe 2 Folth. A 77 LAUE (2016) FUAGGFEN AR 9
£ AZAES AT F o4 gol B Effm 359 Eols mRE Agstel Wk A3t o)1y o}
o} B9 AIC gho] 953 A7 e} mgol o & AFRL & & Ak,

o
)
ofo
o
£
ih)

(multiple imputation)
A2l (miss-specification) % o] 1S wje] o]
o2 Aol AR T FHAR

i g a) =
(complex sampling) 45 RHFsA] v]asfof %Qﬂtﬂ B =godAE o]ty gtolE Ryl AY
o B 298 DFol oleiat Hlolelel AL AT WAL FHTh Gebd A4F F& AT 2
Hole el 23} W4, WehHs el T ASAE neiske] o4 SholE mYS Ty A& A B

o}.
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Abstract

Discrete Weibull regression model can be adapted to discrete count data with dif-
ferent type of dispersions. It can be adopted to various types of dispersion however it
is not used widely in discrete data and there isn’t much research papers that deal with
discrete Weibull regression model. In this paper, discrete Weibull regression model is
adapted to data that has missing values. Single imputation method is used to impute
the missing values. We analyzed the seventh Korea National Health and Nutrition Ex-
amination Survey (KNHANES VI), 2016 to assess the factors for 1 year hospital stay.
‘We compare the results using discrete Weibull regression model with zero-inflated Pois-
son model and shown that discrete Weibull regression model provided better fit. We also
performed simulation studies to show the accuracy of the discrete Weibull regression
with using single imputation under various missing rates and sample size. Through
simulation studies, it was shown that using imputation methods yield better results
then deleting the missing values. Using imputation with discrete Weibull regression
model to discrete data will increase the power and enables the wide applicability to

various types of dispersion data.

Keywords: Discrete count data, discrete Weibull regression model, imputation method,
KNHANES.

t This work was supported by the research grant of the Busan University of Foreign Studies in 2018.
1 Assistant professor, Department of Computer Software, Busan University of Foreign Studies, 65
Geumsaem-ro 485 beon-gil, Geumjeong-gu, Busan, Korea. Email: pinkcan78@bufs.ac.kr



