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2006). el M= FHEH ol v ddes & Avh 7bE dAHoly

TARAL Fd 47 e 2PUES Aus @ 5 Ak o & Eol, Paykel

A(discriminant analysis or classification analysis)& H%4(cluster analysis)®} #FA=

o Aol A fAsA T BHEA L Adkydahs ojn] 41 Qe A #59 dolHE A}
P& e T o] BYS B AME S0l AE, F 25AYE FEE od #F dolgrt
S 9, 2Asa BRss Bt (=87, 2014).

2 12

_10_



2ol

(1971) A ol A £}
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el
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=

i
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o

EERE

Z1o]tH(Pang-Ning et al., 2006).
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°©
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T
o 7 HH
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7
7
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el
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B

—_
file)

il

o] &3}

<1 (prototype)10)S-

Z2EE

Ok
XK

el
o1

B
)

o

B

dolHE 71 & o
4 A tH(Pang-Ning et al., 2006).
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oL

B
o

—

H
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oH
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ey
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error) 7} ZFolA &yl 7] (effect size)7} ledHlE &7}

s
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o
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=
=
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o o] ¥
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B A

]

o] &3k t]o]E

=
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d

S

We] st

oItk webd  Eloly

delH & f=sh= slolth
B, AR, & KD, 2008).
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HA3 st gukA el Mol olyw 2me AV AAH  EA 9

h=]
TR Yoo, <a" 1>dA BE AAYE B4 (Agglomerative)

Pei, & Kamber, 2011).

12) duHoE A4 BAS O] gaol Aigolt Aage Rud & o) AgEE 1 348 B
A3eh SErhrehul, 2015)
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file)

7}A1 a1 9l tH(Pang-Ning et al., 2006).

2006).

t}(Pang-Ning et al.,

ki3

.
a-

)

—~
file)
fvzel

ol

¢+

H

EN T

gl o] § ol A

Fol 4

&
_2_0

5914

9|

]

(Non-hierarchica)®} %
3| B}L}o

}j'
of A7} Ak

=]
St

_]
72}

A1
AT

=

3H(Partitional clustering)
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H}

, 2013).

]

SO
RN}

£ 24 (probabilistic)

ATl
3

[e)
Hp o

3 %] A114)

ohA o 2,

A=

k9
yul

gt 5424 (exclusive) R 3}, 82 (overlapping) w33+ ¥ A 2] (fuzzy)

—
file)

—_
o

olo

el
s

I

o)

<
2

¢}

o] (Pang-Ning et al, 2006) =AX

17F kA

A

7

btol

°©

ok of,

T2 Yz &

7}

K719

=

=

g o] ¢

SA LG 7]
N7 €]

77}

R4

Fpd (0 < wy < 1), 1

—] kaE Xé]

=
3

ol

o
A4r

2 (2.1.1)

2= 7FAI7E 1]

12l 75 A]

o)
ToR

o)
]

X
=

_.ﬁo
)

file)
e

)

f

A A el

F= gith agEE doly

=]
=

A3 o] Eolrt. of

g thZadeh, 1965).

o
=

[e)

2 19659 Zadeh7} A

= H7o]
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2 (2.1.2)

1

0< djwy <N

I wlolEl AAle] FrRu= Ark(e]l g, 2011).
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A

0XT =231

3}(complete

el

o
o

—

i
™

I~
0

file)
;OU
B

o)

clustering) 2}

I

S uf F2 AFg¥tH(Pang-Ning et al, 2006). T whok

)
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my!
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712l o 7k

7=
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A7 A=

7 %

We "ol
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XA

=
=

A <ay 2>

F 5ol
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ol

Ton

23!

el

_:__IL

(natural)

J o

X

= >
T
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&) & (covariance matrices)©] TF
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A= AL o) n] gt} (Steinley, Brusco, 2011).

“ZRZEES 7MW 37 (prototype-based clusters) Ztzhe] djife] thE
T ZREERY Hu Aol Hof v S HEshs ZEEE
gl & 7P ke w3 7Ele Aol <ad 2>8 BY F R9
EREEG]oR s Y £ e wHS B 5 Adrk deolde gt
& At HelE 7}

ot
g
ey
o,
=)
M
iy
o,
[
fr
HTl
o,
ins
rlo
-\
fr
ofN
>,
X
5

<ad 3> BEY deoly HAE adzE f¥stax @ w, Zhzhe]
AAZE Han AA7Ele] dde HAavk "ln ol = vk A

(graph-based clusters)2 3 o A= dAZAFHR u +H

=
o

e A2 dEd8e AAEe JFA dHE"E 54 2 X(connected
components)”®  Feojd 4 <tk ‘I 7wk 3”7 (graph-based

clusters)e] T3t o= F AA7ZE AMZ AAE AL dd A= Hgolvt

BRH AL 947 4% 53 8w <1y oA mE AAY

golee] ol (noiselV7h Gt AL F oAS Boen] mee wPe

15) $A44 (centroid) = ' w4 ¢toll & tIFES HHEgkS v dth(Pang-Ning, 2006).

16) WZol= (medoid)E w3 Wl E Az } 7P 22 gho® A dlelelE o
Fah= gholth TAA Y TUw HISEAN Mol == & dlojg] kol AR gl AAEE
o] thath, oAty Ei= A&Y dlolE R H83 4 9lor Al deolHF oF /M & dix
e Oy shs F9 SAlew s Wholti(o] 4R, .

17) dlolg wlo]doll A wmo]Z(noise)® FAHRT2] Wy 27 Akl SgE s dolEr Ao A&
g ) AAGAY FAEoof sk, o] gle AAES S (AFE QA ITEo Ak, 2011).

it
i
24
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4, o
ol
=X
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(o
:i>~
=
k1
N
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A 7}

LN

-3 ol A

7]k
AT whEbA]

AlA W=
) 7] 2]
HolFa

A

7

[e)

<ag 2>9 (o

-

R

= 7]¥F 37 (density-based clusters)

AgEn <28 2>9 (d)

“m)
=

(oA Hol= § B¢

deon Felmel Y

=T =

[}

(shared—property or conceptual

712

1”

H

4 @

=

A
B

—

NH
=

Mo

%0

&

Mdolth <18 2> A

=4 3t

-

R

15}
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(a) & Eeld =d (b) Z2EEY 8t 2

(Well-separated clusters) (Prototype-based clusters)
() ez 718 o (d) 2= 78
(Graph-based clusters) (Density-based clusters)

(@) 44 39 23 T AN 25

(Shared-property or Conceptual clusters)

<19 3> 2HEIN LY 4
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2. K-37 3 %4 (K-means Clustering)

tolg e AAES E3H3}(Partitioning) sl AL EA S, Agst 5 B
wokoll A & AAAFeIE N Uids KN JAFez yUre H59
T A 23 "™ 18 2 AAakE = 2 t(Steinley, 2006)

N
1 Ni(N) k 2
e — . 2.2.1
N!ZZ]l( DY N 4 (2.2.1)

]
ok
i)
4

Ml
iy
e
o
i)
filo
N
o
ol
)
rlr
o
)
N\ﬂ
o,
re
-
i,
32
v
o,
-
=
i)

3 & FRHES Y e 9F o

of sttt FAFY. 9Al¥oezr @ AfAEe] v U EARE
HaspdomM olgg AFoE AbgdH = B2 Al=E7F A} (Cox, 1957;
Engelman & Hartigan, 1969; Fisher, 1958; Thorndike, 1953). & W
FAE S FFA 7= olEldt 27] Alxo] o]o]A Sebestyen (1962)%}¢
MacQueen(1967)> Ao FdWHES 27 984 K-+ F (K-means)<
E2H4 o' 7 tH(Steinley, 2006).

K-33t 384 99 54 Zza3 SPSSE 53 A8 7hssi.

18) A 2% ~¥¥ 4=(Stirling number of the second kind) (k)= nHe] AlES o] 1Fo R E&3dh+=
7359 FE %}‘%E}(Weisstein 2002) xﬂz% = E}~ 2]

A
g ALY el Tt He 59 Pr-“ﬂj%a%A EJo|ti (A7, olFs), ok, T34, 29,
2013). A& S0 3t S4.2)= 479 P& {1,2,3415 2= 3o BIAE oA 27)9 aFo2 1}
FolXE AEY F NGFE L :aw A 2% 2="® F T H8stH S4.2)= 7] Hrh
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W X T
o Ip TH T
1_,_AI - =
v o< M R
7 T = . ol Mo
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W ) g Wm
M B m =
T oA o =
v B ax Sl
O o
T KW <B4
w AR No B
o oy R ﬂm o A\
o e 3 R O o
o XM i) WK
oy oo ™ i)
X \W.L 10r=._ :i OE
o w W Al R
" ROW o 5 B
) I Lo o
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ol R ! "E ST
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SRR tfo

=

he
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°
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p
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]
s,

-

21 (2.2.3)

2 (2.2.2)
.S

t}

o)
5.
o u)
=2 =

=

=

(k)
1

A A7}
A (s
o 7% %k

o
=

-

R

1

2

] K
P-3}¢

171 915 A

°

-
R

[

1

R
= A4
— 21 —

o =2

A} (initial seed)!9)

-

R

]_

=

[}

e}
(random number)

7]
>
T

K =

1—];]_‘

=

s}

2 ol AT AA

71%AHinitial seed):= &

PN
T

=

o

g
AAHEHA <k< K 34 g3t kAdA S e Al A

o] @A Htt.

VAl
A
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PN
T

ol A
o}

=

=

=

o

2 (2.2.4)
AF

s A

=

dlelg ] o

=
=

<19 4>

[e)

L

i=1
R

d* (i, k)

(2.2.4) ko]

Al
2

g Al 7] A A7

U gEe
Girol At A48 wd

1

-

4

7
A= wj7hA] ¥HE(iteration) © tF =

0]
AT

ok

™
N
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FANVLN H A b A FANNNNY
& & A A
L& o P & P
A AA o p B ﬂ:%&ﬂ& &ﬁgﬁ& ﬂg,’\&-ﬂ
A ‘ﬂ',a_\,"—‘-& A A A e "“‘& A ‘f' A
u] & b & FArN LS B PN AR A Ty raA)
o nﬂ4.+c = A Banpn b A dapas 8 2 Aanan ®
o 40% § o ala § VTN oADK
o iy [+] Fiy Fay
o o o o 400 4 A
[m] [m] Fa¥ Fal
o o Ja o+ o o o o
o0 ob oQ o0
oo 0o obn Q
DDD Ong u%(g EIDD og a5 EIDD-ltl u} DI:Id-D u} 6o
g = o o ¢
& oo 2 oo = oo % oo
(a) Iteration 1. (b) Iteration 2. (¢) Iteration 3. (d) Iteration 4.
<9 4> K-34 g8 dagss AR o
(Pang—Ning, Steinbach, & Kumar, 2006)
o = 5
ebd wEel WS game @ ZHA e FEem o oy

K- 31349 712 dugFdA &+ o AFHes dolrad, zt
eSS 257 A e SAFeR wAS dd HE 77he(the
closest)” olgt= s AZFsgstr] Hs 2848 0 & % 2HE
H7EVE sfoF drh oY JHA 2= B JAIRE FolX HlolH 9

H

FHOME, vdEAs £ A5Y A=) w2t A9 W

oftt

[\]

0) 244 &4 (Proximity function) 54 Ay $12] Wo] EAlste dIdEE o] #AE E48h=
A& L)Y, $58, 2016).

21) 3% H7KProximity measure)s <A 7IeE T3 i o] TP Ak e W ARE 5
23} sl Adow WHores fEEE= Ad S4Y(Euclidean Distance Measure), Ay FE8=

(Squared Euclidean) A2]%, W3leManhattan) A2 SA®, FAFI(Cosine) A2 AW, BHEE

(Tanimoto) Ag]l FAWEE FF AFl=(accard) AF) 5°] JTHOwen, Abil, Dunning, &

Friedman, 2012).
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X dutdon 72+ JE789 2= FAHoR 2R
e BAFFBE gdun 79, 449 A gl A ke FAR

K
SSE=33 N (wy—a))? 4 (2.2.5)

K-l AuA gndFe Xt F oA M9 48e s

A 8 & doh st 23

-

A (membership) #Holw L 3=
oltt. wHTE AE ME  {mylyex

o UEhl® @ AAE #hel He¥ myt 13 23 ohuw 03 2t

i1

A X H (cluster representation) 3Y

22) fr22l= 7A2l(Buclidean Distance)& 7P A4 ola dub oz A7} w= Aglo] /Hda) vlss}
o} ol a 9 b7k ZAZke) dely ¥IE A w) d=4/(a, —b,)* +(ay—b,)* +... +(a, —b,)
o= ALK Owen, et al., 2012).

23) HE4&4(Objective Function)2 oJH H4& 8] AMgshe Sz gitdog 49 FHulgh E&
HophS el st BAE UE ) AFEE et ol Y, 356, 2016).




THES YLDR. p=[r | kAA Fr, = {rgnp), =k THY
7”,2
’I”.,K
AAse 7 2 dixksks HEolty. g zhze] P2 K e P
et TAH Wy HdE wedth 2W 4 (225 M RIAE9
SR o] 22o] H T (Steinley, 2006)
FRM) = tr[(X-MR)" (X-MR)] 2 (2.2.6)
R FAA7F FoiA™ Mol tig 2 (2260 HA3 & F Fox
TR FAAE 7IMer sto] Mt gS 1A4Eal RS tA
FAsE AL wEdt 5 K-HuoHEAe 53e prt 219 Hi
B]1E101 U’H,
K
>, i) 2 (2.2.7)
k:lLECk
Z Hx3t A7l Aol "tk ddlel (X-MR) ' (X-MR)E kHA 9
K
R0 O EAR PP Y wek 2ue e 5% devt 9l
k=1
o] 31?151- %‘7]'}‘3% mg XN><P Xll o]tt], )(Z‘:{Cﬂip"'arfip}?l
X',
Xy
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o= vl ey & gtk o2 sl Wel WAFst W, tade wAw

4 (2259 4 (226)°] 2= As B F Utk

tr (W)= Y tr(W,) 4 (2.2.9)

K-35t dagSoA Taide 44 o #4492 Ashs Wi ol

N
)
ol
52
2L

2ol= Wi ol (Pefia, Loxano, & Larrafiaga, 1999). F2¢]

AAES Qoo ol WFE T 7 2ol PR ARE

)
rlo
L
s
o

of,
4
o
PN
N

Ader AR 27 Aol 74 AAE oM A=A FE

i)
2
fass

= 7]
ol 72 27 e TS dHoly A FAd 7MEA AAE= A
o BT SHARE o]2ld daejFo] WEEA] A HAFHAE Al F A

|H 27|Fel Wt dgH LA E ST A B2 A G FH D
ol g Fol FTEHO EAV He A7 doHMacQueen, 1967,

Hartigan & Wong, 1979). <19 5>% AFH LA g Fo] 59 4

24) 1% 23 (global minimum)& 54 AHe] $ gol 1 A% Fue] TE BE B @t vlay
& w gojodoln A1 e A9e] e

25) X198 £ local minimum)& 574 Aol $5 gol T AH Fwe] T 5 gk vaPe v
= W] clol N Abg Ate A9l ke Wi,
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Tk A F el daglFe] TR LS Y | AeE BAF
i e
A A A A
& oA a8 a
& ful & fa
iy :.f‘."‘*& & :ﬂﬁ -:
A e A Sy I
“ & ;2';_.:-.“5 = & oﬁ:f':)%{la, o
Fal af'- lJll."‘L 'ﬂll;-,‘ fa ‘._;:5'}{:;9 d_:—_.
A o
o € [+] o
oD % oo (=1 2 og
o nﬂ o *-:1__-___:' o n:l o D':'D
nﬂﬂ 3{_&-:: nu,, ':an
(a) & 230l A (b) K| &= 0 A
AdeFE = dN2F E=
<1y 5> AGALAS A9 H &3
(Pang—Ning, Steinbach, & Kumar, 2006)
AR safol A daelFol FrEE AL W] A R s

4 =
i
=
@)

&
=R
D
=<
[\
(@)
()
@

dagFe] ol dAFHAs7E obd A H
A Ed AyE HAEF JheAdol th(Makarenkov & Legendre, 2001;
Pang-Ning et al, 2006). webA SutE K- dags 2713k A9t
AN K- daglFe HAA F 23k A o] ti(Steinley, 2006). o]l w
g} AdH i E o] &3 fAAS st AFHLHE Y] f 2 JHA
oto] 9 th(Steinley, 2006).

A o2 Forgy(1965)7F ¢tst Forgy "R dlo|EZHE ]9 k7l

o

i



o

o Hele & AdF F PE WA FHOE ol 1 g FEe 4
T e 27 FAgew A4a 27 20l Aelel ke A=l ol

A AR el 4 27 25 A Holy dAe] FAdA A

Heiy dele kel Holes Aud ¥ 7t 219 27 FAHow A4

Al ARkstel 271 S s A A Eu. MacQueen WH2 HE &
WA W] R PEARt HF g
AL v =gt G o] Jdth(Du, Wong, 2002).
olufel = Z=7|%& AEste= o 7FA ®Wio] Atk (Celebi, Kingravi, &
Vela, 2013). Jancey "' (1966), Ball & Hall's ¥ (1967), Gonzélez, & Tou
(1974)7} ekt zbakst 3 27] WH(The Simple Cluster Seeking
method), spiath W (1977), Astrahan = (1970), Milligan " (1980),
Bradley & Fayyad ¥ (1998), Hajnal & Loosveldt ¥ (2000), Kaufman
& Rousseeuw (1990)7F 319t3gt Kaufman 5
K-3i #3844 714 o 24 F stvde 319 58 245
7ot} Milligan ¢ Cooper(1985)+= 24WHE +
Joll Ab&5 = 307HA WrRiel s EE vt
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=
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(Algorithmic methods), Z&]3 W (graphical method), 18|31 423} WH
(formulatic method)& AF&3te] e +& As7|%E goh(Steinley, 2006).

FuelE wwe duFE AA delA AL A THY FE 2R

sHA A Al SRV e wAA ddn g4 SR

A9 v AEE M AAES o2 FE DBSCAN(Density-Based

Apatial Clustering of Allication with Noise)26) ®Ho]u} mean-shift2?

26) DBSCAN ko 7|28 w33t WY 5 shu= 7 71 B4E 7Rk Foizl AAE9 whEe
(AR p(AA] HA Ti)eleh qlole] Holx AlFkete] enbd bl HAe] Jl¢E WSt
Sue A S0l 45LQ‘?4_ THE Al7| 28R oW =o]E(noise)Z AHeE 1 thg e W
ot Q= AAEAA T HHoR 7S 3| L} k). (Sander, Ester, Kriegel, & Xu, 1998).
27) 3t ol wR3HMean shift clustering)> H| RG24 o5 WO dlo[H ] oA dE7} 7}

ols

k1
S (W
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3. A A A =EA (Latent Class Analysis)
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il
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il
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A tF(McCutcheon, 1987).
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ol
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)

o

%
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0

)

o

)
4+
T

1987).

2A TH(McCutcheon,

Mo

X

)

o

-

o8

3
_Eo

PN
T

htel Sgusnt od Ao Sguse

I

2007). whebA

¢
ol

5o
ca

el

Nr

o
=)

e AEEe BREs B2 g pAAde o

ATH(]

&, 2010).

A

o) 3]

7N

=
-

A7 247}

-
s

ol A Lazarsfelds

==
=

)

2M3et (Lazarsfeld, 1950).

o
=]

]

*

=
=

A A FHE4 (Latent Class Analysis)

=
[€)

A 7

Goodman(1974)¢] X9

<
T

o]

o

olo

S|
ZS|

Ao wyn A

3

o)

Hagenaars(1990) il

o

el
T
i)

n

e
N
TH

o

olo

Vermunt(1997)e]]
HFAA S

2002b).

A Q= A an

A A TH(Magidson &

Aol

-
s

]_

o=

TR

=0

A S

Vermunt,

mixture likelihood approach to clustering (McLachlan & Basford 1988;

model-based clustering (Banfield &

& Leese, 1993),

Landau,

Everitt,

Celeux, Rafterym, & Robert, 1997; Fraley &

Bensmail,

Raftery 1993;

1996;

(Jorgensen & Hunt
1999),

clustering

mixture-model

1998),

Raftery

classification

Bayesian

Peel, Basford, & Adams,

McLachlan,
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(Cheeseman & Stutz 1995), unsupervised learning (McLachlan & Peel

1996), 12] 3L latent class cluster analysis (Vermunt & Magidson 2002).

D AAASEG 7]

FAASTELS oy HJEHFAe JFHozHYH FAHE HTY
FAWaE st FAASEAS Uy a9 #F(Classification) S

$3t &3 T 3E X (mixture or probability models)e] 3 FE|E
dolg & A= 713 GETTE 7HEeta oldd dEdTe dukd o=
geka MEd 25 4971 Buh(Hickendorff, Putten, Heiser, & Verhelst,
2005). & %38 (probability model)e]l & <@ 7>3} o] dHolE 7} o]E A

TxE AEAE Y] fsl AHEg gEUEE(probability  density

2006). ©]¢] Ex+ HAWASFTE o
M A RS E SRS E A¥EtE Aot (Nylund, Asparouhov, &
Muthén, 2007).

1
2E 3= Zlo] 7] wiitol 3 (partitioning) Wl dld H Tl

_33_



w3

A A

o

)

il

o}
B

i
=3

To

olo

;OL

Fo] WMEst g a8 Y o

o
S

ki3

o

Jel
ol W ¥ ]

W

N

™
ey

1
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_.ﬁo

]

o] ¢lth(Lanza, Flaherty, & Collins, 2003).

o
N
HH

)

ol

Goodman, 2002).

1987;

2] o] tH(McCutcheon,

& Y (Latent class probability

oy

wetA] A A S

E Y9 (Item response probability parameter)=

s}
ol

o
o

E]_]:

5}

parameter)2}

t}(Lanza,

ki3

X7

p's (rho's)®

%7

(gamma’s) &

Flaherty, & Collins, 2003).
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tH bl el A Lo

uls
= ©

22 A (prevalence) =

AR o

= =}
LSS |

gE 7,

Hetsol 7] w2

$5

PAR

dE2 AR

A

P
=

o

)
B¢

o

ol

bkl 24 2 el

S

ki3

Q)
=

oF

2 (2.3.1)

w3

—
file)

¢
Gl

~H

o

B

I
Q

)

X
I
o

-
o
i
il

= vk

SEE

A el
(measurement parameter) &}

o
i

e

—

NH

~H
0

il

i

—
file)

el

no

bel S

S

)

>

r;=1

21 (2.3.2)
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o
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2l tF(Hickendorff,

PN
T

=]
=

Putten, Heiser, & Verhelst, 2005).

I

Tl

Dl

tH(McCutcheon, 1987).
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©
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(Collins & Lanza, 2013 )
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0

A A S =

21 ol

b N e=

A

=974

¢

ATH  whebA

HoF11

el
ojn

ok

¢

il
e
B

2 (2.3.3)

r)

I (Uz
Jv”'j‘c

S 1T

j=1r,=1

1

[

23k th (Hickendorff, Putten, Heiser, & Verhelst, 2005).
i3l

w10

o

N

ol

Ao

)
!

)A
B

(2.3.3)

o

i

o
W
o

ol

el

2 A A el

(2.3.3) ¢

Al
2

£y

B

X

)

vzl

X
il

2 (2.3.4)

[(y,‘, = ”'j)
j,’rj\c

111,

j=1r,=1

P(Y=ylL=c)

b=

ok A (234)F B

o
N

o

)

o
o)

olo
Gt
o

;OL
=l

o

o
o}

olo
Gt
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7F ARG co P(Y=ylL=c)E Axt 3 5 P(Y=y)& Axtst= b, oA
< 7 ARG Col " FAFAG e S WY yo ¥ A EFE
(unconditional joint probability)e]t}. dxtd oz FA|SELS 2 (2350 7]

xahel ANF & Aok

P(AB)=P(A)P(BIA) 2] (2.3.5)

P(y=yL=c)= PL=)P(Y=ylL=c) =] T T s

j=1r;=1 e
2] (2.3.6)

9
P(y=y)=>Y,P(Y=y,L=c) 2 (2.3.7)

aeER 4 (23602 4 @376 Hgsd 4 (2332 2 & A
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FAASEDA Fo1x HolHE HEA717] A= ARE VIvew

stk (Lanza, et al, 2003). webd FAAZFEH LS =
likelihood) X

B
o
ol
it
)
N
Ho
o)
o)
k
rir
)
olr
oX,
pi
H =
il
A
=
o,
>,
N
N

st wrE-AHol HWH I Dempster, Laird, & Rubin (1977)c] = <t3k
A ) 3} (Expectation-Maximization; EM)Z1dE AxE o] &3

R4S FAICH((Hickendorff et al, 2005 Lanza et al, 2003). EM

N

=

2
|

duelE2 FARFE AFEE RPN HurbeAd FAEAE e durE <l
7] o] th(Bishop, 2006). Fo17 dolg e ¥ thaix 7ts4 e =Y
B FAAC xSt AdHor #ASHE dHelHe  steAs

et (Agresti, 2010). = Hti7bed F42 dolHZE 7MY Wol B 2

2 7bed 9 Za(log)E AR HA3t st Zlo] dubHow

] #HgstHLanza, et al, 2003). Z2¥=22 271 7}sA(og likelihood) 2]

ZIA & Artsts 71diA] @Al (Expectation stage; E)¢F o] ZIHA S A=

HEoFE We #e ot HdE dAl(Maximization  stage; M)E

ozt whEele= Aoty HUst Tl 22 WM g2 v v
P

2743 gol FaE wWzx o] AL

A
R
ad
22
o
!
o
fu
|
o
A
(o]



BANSE ] AAWSE L, 90 daral

i

mo] WMEE g7 @

L(6;J,L) = p(J,L10) 2] (2.3.8)
2 FojH g gk Ho 7FeA F4 * (Maximum likelihood estimation;

MLE)E ##¥Fo FWs}t 7bsA(marginal likelihood) S AF&3ko]l A ejdd

PN
T 2

L(6;J) = p(X10) = Zp J,1)0)

dAu FAWsel Aol FAWEE AT 4+ A= @ S
NearAor F/87] e o FA4% AMG = o Pt wed
Aol 7Fsd F4AE 27 96 EM

Azt GAE wtEAHor Atst= Aotk ZIHA(E) dACdAE B

QUole") = E, ;40 llogLikelihood (6;J,L)]  # (2.3.10)

e Hosk M) A E A 8 Qe Hdigt e AR BF
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gt s A ara,

(t+1) _argmax (t) N

0 0 Q616") 2 (2.3.11)

2 F A 23107 A@31D)E WAkt wEA o Aukele] AR}
gk ol FHEeA =W EM dug s FastAl @ (Zhu, 2005). <1H
9>5 Fustd ZIAE) A} AWM EAE sk AS & T Uth

SRR
L
2423
)
(&E)

rk
e
[
>

<% 9> EM &g+

SAR FAAFEHNA BHe] w5 FHsHE Aol BAAE ohth
T

TAbo] ojw FHo R EFH(classification)”} HolAoF dE=xw 2 A
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I~
)

I

ofoltt. wheEbA A A

el
RR

N

e

i
=3

olo

%

(partitioning) <

membership) AF-ZES &otd 4 Ath(Vermunt & Magidson, 2002).

21 (2.3.12)

Jil L

T3 le

JolL JalL
X 7'('7.3‘6
L
J2 X T

1L
X 7'('7.2‘6
Jl‘L
X 7'('7.2‘6

rle
1

7'l\c

ET{'CLXT('

[

L
m, X7

Lljyjads _

Ty
clryymy

ok

B
¢+

o] A

_]

T
il

3) AAAS

o

9] ol A

o

p—

0
T
-

jant
I

0
Nle

EELIEE

3

=
[€)

o 7t

)

9 (identification of the model)©]

w

)

G2

(Collins, Fidler, & Wugalter, 1996).

RIS = R

sk
=
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(Collins et al, 1996). o] TAE d|4dst7] sl LA Al F(equality

o}
constraints)o| v EA gt A FS A 5 B AkS A W o] 9

BAH AT BEAY) W] BRI A(qualitT BT F doks G
of Stk SAW FAAFEHC] Fi oldelw BIsn e £% A4

5

(class enumeration)t uw] Uukx oz WolEolx= EA %A A E(statistical
indicator)7} oF#] glvb= Aol Ak webd RS grksiar destr] 9
a, = 7Y F5 2As] 8 2 A VeEs 8] FE ARESta
ATHNylund et al., 2007). FAH3sE BFo ME7F sod+E JUEHE ¢
F-3}35F+= Akaike’s Information Criterion (AIC; Akaike, 1987)¢] 4 Bayesian
Information  Criterion (BIC; Schwartz, 1978)%<& EAA AHAHI&E
(information criteria)©] % oot} o|ito = 7hsAd FAA *, Edo] &
dl

Aoz dolge] AggA o] ofFo da] 5T F v L, T
o 1 FElE AAS7] {8 FE ~E# P McLachlan et al, 1999)3 22

iy
lo

b

of == ZAS Y] Y3 HA JFLe FEHog Wolsox XA oy
(Nylund et al, 2007). 2345 A et FE35t= d ool AFEH7] w&
of FAATEEE HAA dHolge A&s7] Al olelgt TAA AT
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Muthén(2007)

|

Asparouhov, a8 ar

Nylund,

w2}

R3] ol A

AR7)F

—_
o

g

A%

Ty +%

=

A A 5

P
=

ICs)<]

Criterion;

(Information

o

Steinley ¢} Brusco(2011)%

o] 5ol &=

LT

S

a7

Al & o]
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[l dF&A4 9 714

AT AL ZAAZTAAN 2&HEST T w2t
T3 3] & (cluster recovery) 3= xo]7F A E71?

[7HA 1-1] Aelel SEel mekd gAAZEN A #H8%
Qo] Aol 7t 9

[7hA 1-2] Bg5e] FEol med gAAZEN A% 2H32
Qo] Aol 7t 9

[7h8 1-3] 2350 FEel med ZAAZEN A #HHE
Qo] Aol 7t 9

[7h4 1-4] 9279 Sl A FAAZEA Ao
#4352 el Aoz} 9l

[7hd 15 gAQRsEe] Szl waA FAAZEA AT

TA8% AEe Fol7t At

ATEA2: K-AadZRAENNA ZZWEF F£Fo o
T3 3] & (cluster recovery) 3= xo]7F A E=71?

[H2 1-1] Abel el SFel whebd KA g e Ao
2988 4ol Aelst ot

[ 1-2] Bge] 7ol hebd K-AEEgEA A3
TA8% AEe Fol7t At

[ 1-3] 2ol 7ol hebd KRR PR Ao
T8 % AE9 Fol 7}t 9l

[7hd 1-4] 23=a719] o wad K-gidagdE4s 239
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g

THIE Jro o7t Atk
[7Fd 1-5] FARAGEES FTo wepy K-Bao {4 239

THIE Jro o7t Atk

ATEA3 & 2ZAHEF7 3 E AR X FFo
olH EAHHE 211)d wE g3 x =717

(714 3-1] Abel 5 el we s Ee] Aol Tl e}
Apol 7} gk,

(4 3-2] Ba5 FFel we wHERe] Aol T ufe}
Aol 7} gk,

(714 3-3] 5 FFel WE wHEEe] Aol Bl ujel
Aol 7} 9)

[7}d 3-4] &3 37] 3o wE FHIE ol AUk o
e A A P

[7h4 3-5] AARREE FEol 42 FAH B Aol

THEANS AXNT By, 2J1IH A= Zol7t Y=71?
[Hd 4-1] ZAAZEALS ANT 499} K- EHRN S

AARE A, A E G Zol7k
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A7
1. A5 A A (data generation)

Z2ad RoA EHIIEE A

k=
Agatel ARE AT ¥ K-BT ARG GAAF AL A5

Monte Carle Simulation

<I2¥ 10> EHILER AlE#eld
(Carvalho, Stubstad, Briggs,

Selezneva, Mustafa, &
Ramachandran, 2012)

28) EH7IE2 AlEZold(Monte Carlo Simulation)< 2] d9] 3 ez EA3E J3lola] oA}
AARL &7 Ya 54 EEXE 2= (822 A9 (random)E YA s W o]t Stephenson,
Holbert, 2003).
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4 B g (deterministic model)> ¥FE 7He] #AI7} gHdsto] WA AS AL
ot RES WEL FIHoR WF g HE ol dFAE A g
S 4 e Egolth. whde] & X ¥ (probability model)> ZA3E A 33}
A =3 F ge 2Fol7] wjio] FFRYY R (parameter)ol] T E] wHE

F Aded A WHAE ZH7IE 2 HS(Monte Carlo Variable)o]™ F WA=
E RG] Abek(population specification), & 22} 9 (manipulated factors)©]
o EHIIEE HeEs HE Aglel whE-3l4(replication) S Tol=d E o
Toll Al FE S Abg] £ n=200, 500, 28 L 1,000 2 A FolW x4

al
S 747 5000 A HbEskgith 2z el o7 E FEY F(number of items),

=

T3¢ N5 (number of clusters), &3 =7] (effect size), A5 35 (latent

class probability)S Z&3tath.  1gla 3o tste] oliEH A<l Sy(e

T oly)S 23 By A wAE-3H(cross loading)7t $l L @dWES g
S AMEste] Jae s

B Aol s b 7bA z2zaglel

R

= 913 200, 500, 1€ 3 1,0009] Abel, EES TR v gel 22t L,



2.1, 310 A5, 2, 4, 6709 =] g, g 7ke] Hite] Aol £ maArvh
02, 05, 0.8% Ztzt w=7A AAZ Al 7HA] A3, FAdGEE] 10%,
5, 60%% s = Al 7HA AEe 7HA = 3N x3(V)x3(K)x3(F)x3(y) ¢ &
¢4 7| (factorial design)E HI® o8 A8 Z AAFATH  weba] 243789 =%
A2 ZF 5004 vk = Aol e BF 121500708 ARE A

A Ae Edke 35S wWxE3H(cross loading)7} dojubA] ko w3l
TEE shve] £@dNhs gEo] stute] AP GAMT =AY e WA Y
B Afolth mEkA o] E3Ec] FAds 7dE FEEA He slolth
L% A (factor analysis)®] #THHoA HUAS w waFH-7F glo] 2 290
AWl E /% w0l A= Aot (Nylund et al, 2007). 18] AlEl &
Nylund, Asparouhov¥} Muthén(2007)2] < tol Ao} o] 2 Ald|4 &
Abdl =, B AldlSE RS 7] 9sked 200, 500 28] 3l 100082 2235

ol meh L@ w5 b2 AAsr] 98k ols9 nes Abgsklth
ubehA Eet -G vES 1, 20, 31 2 QA A FoAA 224
T T 2, 4 /0= 2Askdvh olH T W ele] ke 62 F3 A
< 871 oo A2 d-ET TIATIE A9 7] wEela, sdtge 2=
g oAT7E A E o] vk A K= Ao el

o]t} (Knotkova, Clark, Keonha, Kuhl, Winer, & Wharton,

o
ro
M
rlo
BN
iy
]
Y
=
Lo,
e}

2
~
m
22
N
=
M

2006, Pastor, Baarron Miller, & Davis, 2007; Richardson, 2007; Velicer,
Redding, Anatchkova, Fava, & Prochaska, 2007). A WA ZzH<=e] 32

NE R e W Aolg dhow, F Fdo] MR Aupy tEA s 2

=~

=t} o= 02, 05, 08 Al 7HA o ® XAk v HA FzwSgel 7



o}
A 2o A g-olth(Milligan, 1980; Steinly, 2003; Steinly, 2006).
2) 7% 3] B %] 4= (Adjusted Rand Index)
<ol A 7lwo]l =¥ olFE uoFe st Axey TR VekE T

W g el A AFwx

o
ot

Ay

Ao g2 Z7FeFA v (Steinley, 2004). H3F o

A74st7] f1ste] vt AaE7lele] vuEME Wol X3 H v (Steinley,
2004). ol#fg Hln A= A AAHE FFE(recovered structure)ot A-AF7F
!
A
ko] = Alolo] FAMA S ol B tth(Brusco & Cradit, 2001; Milligan, 1980;
Milligan & Copper, 1985). A-olA 7} @Wo] AMEx & 3| 523 5714
+ Rand index(Rand, 1971), Morey & Agresti(1984)2] adjusted Rand index,

A= 7

o2,

rr
Jim

A ¥l G- Z(generated structure)E W ust= EHIIER

o,
off

ra

8 olFoAHY. 1 ¥ 3|5 A E(cluster recovery index)E A&

mlm

Hubert & Arabie(1985)¢] adjusted Rand index, Jaccard index (Downton &
Brennan, 1980), Z12]3 Fowlkes & Mallows (1983)¢] =A]3%o|t}. = Rand
Indexi= + 7HA19] A3t FAM S S48t ARz F 74 437 ¢
WAl dAsd 1 ogrol 1o ™ 1 Wkt 00] =t
Milligan (1996)¢l ©]std +H 3} 7] <]

iy
of\
filo
Ho
%
rlr
re

TA7E el E
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i

o] A&l FRE AldAH o g ofoldlr] wE dHolHE A A &
B2 AEdUode 5a 45e oA frh AR AT An oo £
A+ Hole et vluwstA  #t(Steinley,

cdlely yEe X={z,}

e AgAE wRE o 4w
2004). No| A}#l Frolar V7 W &

m
2 Fozg. aga NS AAE RS 2P (subset)F THOE

R w4€ 7H B8 Pk C 29L 7k 22 Q % Ak Ackw ARk,
=]
5

2 e 8l <xF 1>AYE T2 9 F 9

Q
fas =4 q1 4 qdc Total
D1 138} 12 lic b+
P P2 by by tac byt
Pr tRl tRQ tRC tR—|—
Total t_|_1 t_|_2 t_|_ C t_|__|_ - N

=] 711;21]0 z’:g

=2 O =1 =

r o
rlr
Mo
]
ny
1o,
=~

3
X,
M
iy
<)
Mo
]
QO
1o,
o

3
X,
M
iy
-3

i
°
.%
i
2

k)
X,
i)
oft
i
rlr
N
2,
N
P

3k (Steinley, 2004). ARI= 219 4
skl Pt @ Aol S S5k Aot

K

(12\])7} dl 7FA 9] t 2 A(pairs) o2 YERE BE 49 Vs e
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= 9

Ay A
it

Pair in different groups

—N

2
re

9
22

7|2 TE 2x2

R

=
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=
Pair in same group

e

ul A A

1

0]
pul

A9 e 5 o

o] ¥

R<C @2 vebichd, T={1}, ol 74 A4e e

Al =] PellA

=

2> Y] 7}A & #(pairs) (Steinley, 2004 )
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R C

I

r=1lc=1
2

2
re

R
Dt

— (4.2.2)

b

R C

I

r=1lc=1
2

2
re

9
Dt

c=1

(4.2.3)

C:

R C R

DDt N= D

. r=1lc=1 r=1
2

9
-tk

A
c=1 -

(4.2.4)
d

o

-

Rand index (Rand, 1971)% +3<& & = 24

(validation)
45 X Z(Dreger, Fuller, & Lemine, 1988; Dubes & Jain, 1976; Milligan,
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ABSTRACT

Comparison of K—-means Clustering and
Latent Class Analysis Using Monte Carlo
Simulation

. Evaluation of Cluster Recovery using ARI

Sohee Koo
Department of Psychology
The Graduate school of

Sungshin University

This is a comparative study of K-means clustering and Latent class
analysis in research methodology. It is consisted of 4 research questions
and conducted through simulation study to compare the result of cluster
recovery of K-means clustering and Latent class analysis using
ARI(Adjusted Rand Index). Study 1 conducted latent class analysis in
order to test whether there is a difference in cluster recovery depending
on the level of manipulated variable. And study 2 conducted K-means
clustering in order to test whether there is a difference in cluster
recovery depending on the level of manipulated variable. Following study
3 observed whether there 1is an interaction effect between the

manipulated variables and the analysis methods. Lastly, in study 4, the



differences in the degree of cluster recovery according to the analysis
method was verified.

Sample size, number of items, number of clusters, effect size, and
latent class probability were used as manipulated variables and item
response probability was specified with no cross loading. Based on the
factorial design of 3(N)x3(V)x3(K)x3(F)x3(y) depending on the level of
each manipulated variables, each 243 experimental conditions were
repeated 500 times. Then, 121,500 data were generated using Monte
Carlo simulation in the statistical program R.

As a result of verifying the study 1 after analyzing the generated data
with latent class analysis, it showed that there was no significant
difference in the degree of cluster recovery according to the sample size
and number of clusters. On the other hand there was a significant
difference in the degree of cluster recovery according to the number of
items, effect size, and latent class probability. The result of study 2
according to K-means clustering, it showed that there was no significant
difference in the degree of cluster recovery according to the sample size
and number of items. On the other hand there was a significant
difference in the degree of cluster recovery according to the number of
clusters, effect size, and latent class probability. In order to observe
results from both latent class analysis and K-means clustering, the
interaction effect between analysis methods and sample size, analysis
methods and number of items on cluster recovery were not statistically
significant. But the interaction effect between analysis methods and

number of clusters, analysis methods and effect size, analysis methods



and latent class probability on cluster recovery were statistically
significant. Finally the result of study 4 showed that Ilatent class
analysis showed higher cluster recovery than K-means clustering overall.

Besides these four studies, this dissertation study examined the cases
where the convergence did not occur even after the specified number of
iterations in the process of performing latent class analysis and
K-means clustering to verify the efficiency of estimation. While no NC
occurred in K-means clustering, 141 NC which is about 0.196 of the
total of 121,500 data, were occurred in latent class analysis. This result
suggested that convergence rate can be lower even though the degree of
cluster recovery is high enough. It also includes the suggest of using
appropriate analytical methods for different research problems as there
are pros and cons that each methods can have depending on the type
and condition of the data given to the researchers. Finally, a proposal for

further research was discussed.

Key Words: Cluster recovery, ARI, Latent Class Analysis, K—-means

Clustering, Monte Carlo Simulation, Program R
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# n: AbeEl5 (200 , 500 , 1000)

#vi =@dHlE (1,2,3)

# kT 2,4,6)

#f a2¥%=7] (02,05, 08

#r AAHEEE (even , 60% , 10%)
#

# Number of Simulation : 500

# a3 H71A =49
library (cluster)
library(el1071)
library(dplyr)

#2a3 A8 24

table_2 <- read.csv('k2_table.csv’ , header = T , sep
table_4 <- read.csv('k4_table.csv’ , header = T , sep
table_6 <- read.csv('k6_table.csv’ , header = T , sep
# G AL g g A

p_even <- function(n , k) c(rep(round(n/k)

(round(n/k)*(k-1))))

’

(k-1))

(n



p_uneven <- function(n , k , p) c(round(n * p) , rep( round((n -
round(n * p))/(k-1)) , k-2)) , (n - round(n * p) - round((n - round(n *
p))/(k-1))*(k-2)))

# thetaZ p_theta® W33l st AA
p_theta <- function(theta , b) (1 / (1 + exp(-1.7 * (theta + b))))
p_bound <- function(theta , table , n, v , k) {
res_mat <- matrix(0 , nrow = n , ncol = (v*k))
for (zin1:n){
for (y in 1 : (v¢k)) {
res_mat[z,y] <- p_theta(thetas[z] , table[true_cluster(z], y])
3

return(res_mat)

# result matrixe] 34

gr_data <- matrix(NA , nrow = 243 , ncol = 505)
colnames(gr_data) <- c('n’ , 'v' , 'k’ , 'f' , 't', c(1:500))
gr_datal,'n’] <- rep(c(200 , 500 , 1000) , each = 81 , times = 1)
gr_datal,’v'] <- rep(c(1 , 2, 3) , each = 27 , times = 3)
gr_datal,’k’] <- rep(c(2 ,4,6), each =9 , times = 9)
gr_datal,’f'] <- rep(c(0.2 , 05, 0.8) , each = 3 , times = 27)
gr_datal,’'r'] <- rep(c(0.5, 06, 0.1) , 81)

gr_data <- as.data.frame(gr_data)



# Make process bar (: optional)

p <- progress_estimated(243)

# Start Simulation

for (i in 1:243) {
p$tickO$print() # optional

for (j in 1:500) {

# define variables

n <- gr_datali , 1]
v <- gr_datali , 2]
k <- gr_datali , 3]
f <- gr_datali , 4]
r <- gr_datali , 5]

n_each = c()

if(r == 05) {
n_each = p_even(n , k) } else {

n_each = D_UI’IGVGI’I(I’I , k , r) }

if(k == 2) {
table_k <- table_2} else if (k == 4) {
table_k <- table 4} else {table_k <- table_6}



cluster_mean <- 0 + f = (0 : (k-1))

# design answer for this condition

true_cluster <- c(rep(1:k , n_each))

# Simulate data

# theta’s for each person in each cluster
thetas <- rnorm(n_eachl[1] , cluster_meanl[1] , 1)
for(each in 2:k) {

thetas <- c(thetas , rnorm(n_eachleach] , cluster_meanleach] , 1))

# Sample from uniform distribution

Sim_data_temp <- matrix( runif(n*v+k) , ncol = (v*k) , nrow = n)

# Decide 0 or 1

# Cut off boundary: p_theta

mat_ind <- (1 : (k*v))

if(v = 1) { mat_ind <- ((k * sum(l : (v-1)) + 1) : (k * sum(l :
V) }



1

table_use <- table_k[ , mat_ind]

Threshold <- p_bound(thetas , table_use , n, v , k)

# In each Cluster, decide O or 1

mymy <- Sim_data_temp < Threshold

mymy <- ifelse(mymy == T , 1, 0)

non

write.csvimymy , paste( , ,J, ".csv”) |, row.names = F)
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# Title © ARI for KMEANS

- Condition ———————- #

© ARE S (200 , 500 , 1000)
PEEEE (1,2, 3)

PR (2,4, 6)

#f a2¥%=7] (02,05, 08)

#r AAHGEE (even , 60% , 10%)
#

# Number of Simulation : 500

library (cluster)
library(el1071)
library(dplyr)

# AR AXE 918 34

my_ARI <- function(mat , n_combi){

n_combi <- as.numeric(n_combi)

mat <- as.matrix(mat)

if( dim(mat)[2] == 0) {
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return(NA) } else{

a <- as.numeric(mat[2 , 2])

b <- asnumeric(mat[2 , 1])

¢ <- as.numeric(mat[1 , 2])

d <- as.numeric(mat[1 , 1)

res <- (n_combi * (atd) - ((atb)x(atc) + (ctd)*(b+d))) / (
n_combi"2 - ((a+b)*(a+c) + (c+d)*(b+d)))

return(res)

# result matrixe] 34

result. KMEANS <- matrix(NA , nrow = 243 , ncol = 505)
colnames(result KMEANS) <- c¢('n’ , 'v' , 'k’ , '"f', 't' , ¢(1:500))
result KMEANSI,'n’] <- rep(c(200 , 500 , 1000) , each = 81 , times = 1)
result KMEANSI,'v'] <- rep(c(1 , 2, 3) , each = 27 , times = 3)
result. KMEANS[,'k’'] <- rep(c(2 , 4, 6) , each = 9 , times = 9)

result KMEANSI,'f'] <- rep(c(0.2 , 05, 0.8) , each = 3, times = 27)
result. KMEANS[,'r'] <- rep(c(05, 0.6, 0.1) , 81)

result KMEANS <- as.data.frame(result KMEANS)

Il
~

table_2 <- read.csv('k2_table.csv’ , header = T , sep

table_4 <- read.csv('k4_table.csv’ , header = T , sep = ',/ )



table_6 <- read.csv('k6_table.csv’ , header = T , sep = ',/ )

# KMEANS

for (1 in 1 : 2431
for (j in 1 : 500) {

# doly =4

non

Sim_data <- read.csv(paste(i , ., ".csv”) , header = T , sep

,//)
’

# define variables

n <- result_ KMEANSIi , 1]
v <- result_ KMEANSIi , 2]
k <- result KMEANS[i , 3]
f <- result KMEANSIi , 4]
r <- result. KMEANSIi , 5]

n_each = c()

if(r == 05) {
n_each = p_even(n , k) } else {

n_each = D_UI’IGVGI’I(I’I , k , r) }

if(k == 2) {
table_k <- table_2} else if (k == 4) {



table_k <- table 4} else {table_k <- table_6}

cluster_mean <- 0 + f = (0 : (k-1))

# design answer for this condition

true_cluster <- c(rep(1:k , n_each))

# K-means Clustering

res_kmeans <- kmeans(Sim_data , k , nstart=10,

iter.max=k*10)$cluster

# Compute ARI

# all pairs of combination

my_combi <- combn(l : n , 2)

# True Cluster Combi; whether two are in same group or not

True_YN <- true_clusterlmy_combill,]] == true_cluster[my_combil2,]]

KMEANS_YN <- res_kmeans[my_combil1,]] ==

res_kmeans[my_combil2,]]

n_combi <- ncol(my_combi)



KMEANS_tb <- as.matrix(table(True_ YN , KMEANS_YN))

result KMEANSIi , (j+5)] <- my_ARI(KMEANS_tb , n_combi)

write.csv(result_ KMEANS | 'result. KMEANS.csv’ , row.names = F)
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# Title © ARI for LCA

#f a2¥%=7] (02,05, 08)

#r AAHGEE (even , 60% , 10%)
#

# Number of Simulation : 500

library (cluster)
library(el1071)
library(dplyr)

$ ARG ARG A

ot

T A

p_even <- function(n , k) c(rep(round(n/k) , (k-1)) , (n -
(round(n/k)*(k-1))))

p_uneven <- function(n , k , p) c(round(n * p) , rep( round((n -
round(n * p))/(k-1)) , k-2)) , (n - round(n * p) — round((n - round(n *
p))/(k-1))x(k-2)))



# ARI A4HS 918 @5

my_ARI <- function(mat , n_combi){

n_combi <- as.numeric(n_combi)

mat <- as.matrix(mat)

if( dim(mat)[2] == 0) {
return(NA) } else{

a <- as.numeric(mat[2 , 2])

b <- asnumeric(mat[2 , 1])

¢ <- as.numeric(mat[1 , 2])

d <- as.numeric(mat[1 , 1)

res <- (n_combi * (a+d) - ((atb)*(a+c) + (c+d)x(b+d))) / (
n_combi*2 - ((a+b)*(a+c) + (c+d)*(b+d)))

return(res)

# result matrix®] A4

result_ LCA <- matrix(NA , nrow = 243 , ncol = 505)
colnames(result LCA) <- ¢('n’ , 'v' , 'k’ , 't , 't’ , ¢(1:500))
result_LCA[,'n'] <- rep(c(200 , 500 , 1000) , each = 81 , times = 1)
27 , times = 3)

result_LCA[,’v'] <- rep(c(l , 2, 3) , each
result_LCA[,’k’] <- rep(c(2 , 4, 6) , each = 9, times = 9)



result_LCA[,f'] <- rep(c(0.2 , 0.5, 0.8) , each = 3, times = 27)
result_LCA[,'r'] <- rep(c(05, 0.6, 0.1) , 81)

result_LCA <- as.data.frame(result_LCA)

table_2 <- read.csv('k2_table.csv’ , header = T , sep = ',/ )
table_4 <- read.csv('k4_table.csv’ , header = T , sep = ',/ )
table_6 <- read.csv('k6_table.csv’ , header = T , sep = ',/ )

# Make process bar (: optional)

p <- progress_estimated(243)

# LCA

for G in 1 : 243){

p$tickO$print() # optional

for (G in 1 : 500) {

# Holy =4

non

Sim_data <- read.csv(paste(i , ,j, ".csv’) , header = T , sep

,//)
’



# define variables

n <- result_LCAIi , 1]
v <- result_LCAIi , 2]
k <- result_LCAIi , 3]
f <- result_LCAli , 4]
r <- result_LCAli , 5]

n_each = c()

if(r == 05) {

n_each = p_even(n , k) } else {

n_each = D_UI’IGVGI’I(I’I , k , r) }

if(k == 2) {

table_k <- table_2} else if (k == 4) {

table_k <- table 4} else {table_k <- table_6}

cluster_mean <- 0 + f = (0 : (k-1))

# design answer for this condition

true_cluster <- c(rep(1:k , n_each))

# LCA Clustering

model <- lca(x = as.matrix(Sim_data) , k = k , niter = 100)



names(model)

res_LCA <- predict(model , Sim_data)

# Compute ARI

# all pairs of combination

my_combi <- combn(l : n , 2)

# True Cluster Combi; whether two are in same group or not

True_YN <- true_clustermy_combill,]] == true_cluster[my_combil2,]]

LCA_YN <- res_LCA[my_combill,]] == res_LCA[my_combil2,]]

n_combi <- ncol(my_combi)

LCA_tb <- as.matrix(table(True_YN , LCA_YN))

result_LCAli , (G+5)] <- my_ARI(LCA_tb , n_combi)

write.csv(result_LCA , 'result_LCA.csv’ , row.names = F)
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T3S 27, B384 270

RS g E

0.85 0.2

0.2 0.85

0.85 0.85 0.1 0.2
0.1 0.2 0.85 0.85
Tl 27, 23 670
0.85 0.85 0.85 0.1 0.2 0.3
0.1 0.2 0.3 0.85 0.85 0.85




T3S 47), B35 470

0.85 0.1 0.2 0.3
0.1 0.85 0.2 0.3
0.1 0.2 0.85 0.3
0.1 0.2 0.3 0.85
T35 47), &35 871
0.85 0.85 0.1 0.2 0.1 0.2 0.1 0.2
0.1 0.2 0.85 0.85 0.1 0.2 0.1 0.2
0.1 0.2 0.1 0.2 0.85 0.85 0.1 0.2
0.1 0.2 0.1 0.2 0.1 0.2 0.85 0.85
TRAT 470, B35 127
0.85 0.85 0.85 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.85 0.85 0.85 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.85 0.85 0.85 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.85 0.85 0.85




=33 670, T35 671
0.85 0.2 0.2 0.2 0.2 0.2
0.2 0.85 0.2 0.2 0.2 0.2
0.2 0.2 0.85 0.2 0.2 0.2
0.2 0.2 0.2 0.85 0.2 0.2
0.2 0.2 0.2 0.2 0.85 0.2
0.2 0.2 0.2 0.2 0.2 0.85
=35 670, &5 127
0.85 0.85 0.85 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.85 0.85 0.85 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.85 0.85 0.85 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.85 0.85 0.85
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3




35 670, =35 1874

0.85 | 0.856 | 0.85 | 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 | 0.85 | 0.86 ] 0.85 | 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 | 0.85 | 0.85 | 0.85 | 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 | 0.85 | 0.856 | 0.85 | 0.1 0.2 0.3 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.85 | 0.85 | 0.85 | 0.1 0.2 0.3
0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 0.1 0.2 0.3 | 0.85 | 0.85 | 0.85




	I. 서론
	1. 연구의 필요성 및 목적

	II. 이론적 배경
	1. 군집분석(Cluster Analysis)
	1) 군집화 방법
	2) 군집의 종류

	2. K-평균 군집분석(K-means Clustering)
	1) K-평균 군집분석의 알고리즘
	2) K-평균 군집분석의 쟁점

	3. 잠재계층분석(Latent Class Analysis)
	1) 잠재계층모형의 기본
	2) 모수추정
	3) 잠재계층분석의 쟁점


	III. 연구문제 및 가설
	1. 연구문제1
	2. 연구문제2
	3. 연구문제3
	4. 연구문제4

	IV. 연구방법
	1. 자료 생성(Data generation)
	1) 몬테카를로 시뮬레이션(Monte Carlo simulation)
	2) 군집회복지수(Adjusted Rand Index)

	2. 자료 분석

	V. 연구결과
	1. 연구1: 잠재계층분석의 군집회복 정도
	1) 사례수에 따른 군집회복 정도의 차이
	2) 문항수에 따른 군집회복 정도의 차이
	3) 군집수에 따른 군집회복 정도의 차이
	4) 효과크기에 따른 군집회복 정도의 차이
	5) 잠재집단확률에 따른 군집회복 정도의 차이

	2. 연구2: K-평균군집분석의 군집회복 정도
	1) 사례수에 따른 군집회복 정도의 차이
	2) 문항수에 따른 군집회복 정도의 차이
	3) 군집수에 따른 군집회복 정도의 차이
	4) 효과크기에 따른 군집회복 정도의 차이
	5) 잠재집단확률에 따른 군집회복 정도의 차이

	3. 연구3: 각 조작변수와 각 분석방법의 상호작용 효과
	1) 사례수와 분석방법의 상호작용 효과
	2) 문항수와 분석방법의 상호작용 효과
	3) 군집수와 분석방법의 상호작용 효과
	4) 효과크기와 분석방법의 상호작용 효과
	5) 잠재집단확률과 분석방법의 상호작용 효과

	4. 연구4: 분석방법에 따른 군집회복 정도의 차이

	VI. 논의


