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Abstract

We frequently encounter binary data in real life. Logistic, Probit, Cauchit, Complementary log-log models
are often used for binary data analysis. In order to analyze binary data, Liu (2004) proposed a Robit model,
in which the inverse of cdf of the Student’s ¢ distribution is used as a link function. Kim et al. (2008) also
proposed a generalized t-link model to make the binary regression model more flexible. The more flexible
skewed distributions allow more flexible link functions in generalized linear models. In the sense, we propose
a binary data regression model using skewed generalized ¢ distributions introduced in Theodossiou (1998).
We implement R code of the proposed models using the glm function included in R base and R sgt package.
We also analyze Pima Indian data using the proposed model in R.

Keywords: skewed generalized t distribution, binary regression model, logistic model, generalized linear

model
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g B4 ke Zlolth. ol HlolE 29 EA400A Hkg Wes 53 ARl °'°1” 250 H

AL, o] F& 0 1 Atolo] ke 7HABR, F W EF (covariates) < E%; A% F7Ae AP HPAA
03} 1 Abole] ke ZEE Bh= Rlo] o)%1 Holel 317 £49) 7)% Adolth. #8203} 19 e A
B2z, 59 22 LAIEUS 4 AT AU TS A9 oL AR A7 249 7
BLE o850 A28 A $40) 93, A LTS ol w2 37 24
T RES ol§3UL Wolt AYAST 19

o S e % w, 57 el Dol SHo] 0o 2HSHE 9} o] THE S} 2L 2
v =27 i, d 22E ol&ske ARG HYd 2=
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£ o]k Aol £ o @44 S F40] 7esl A 4 ok oy A afjEoll, vty gE =
£ o]&3 olX vloly B4 Egt Ak St Liu (2004)9ME t 225 o] 83 S AL,
Kim 5 (2008)2 7] t #3EF o] &35 U3} t-link 2P AASHGATE ©]7 HlolH 37 B4 &
25 o] &3t S 1YY, AF7HA o|8H FE EX ¥HT o fA% E2E 23, 193
TEE o83 & ¢ FdS o] oy 37 A EPZ v 5 ds Aotk 7 dvtEl ¢ &
3 (skewed generalized ¢ distribution)+ H+4F 23, ¢ £32, 4wl ¢ Ex, 7] ¢t Ex, 7% g2
HE 5 ofg] Ukt B2 dvislE HElE zhE BEXEN ofF §A% Bxz dEA k. B dF
AXE 712 dutsl t E2E At o]F vlole] EAo) o]&& = & W thete] =3 AE
FERE gtk 2% & 7]E0 AdE A 22, vt £2E 0|83 o7 dolE] 4 S AH
3tt}. T3t Complementary log-log B 7} Stukel (1988) o] A|oF3st UM} A AE RE3} o] =3
E EXE o834 %2 BT T AHIIES st} 3% 72 EutEl ¢ 3o tist 24
tal, 4o A& 7] duksl REE RoA] o] 88 ¢ v WS At 5780l = dlole £4 2
HE HAFES St}

2. J|E <Y

o2 dlolEle] B AL Hhg WS Y B X = (X0,
AAARo2A B 4 ek FoI aol ThEle] ¥ = 19 HEL n(a)

t}. o]Z2 FA| W (latent variable) 2% AEE 4= 9l

{1, if B8+ ¢€>0,
Y= .

o) o zne Bt g BAL AYan
PY=1X=z)=P (mTﬂ—i—e > 0) =F (—6 < :I:T,B) =g! (:I:T,B) .

olu, Fr —e2 3 &5 Bxo|1, 2 EXo) wlg} g7} ZHH) eo] TH EZE A 49 —e}
€2 2o BHRE JABE, o] iﬂaé BEE WEY 4 (21)2 BALE BY, eo] AF 2xE T
29 A (21)2 z2Y Byo] At} & AFHA FAN, vk W yoll JFE FEE A W
w2 el Vi = X8+ e2 A WsEla Br|% ok vk wE

stel A4 () WEAL 5 ek A9 ALz e wAs) AolE (),
i=1,...,n0 TP W, 21 $E P4 the} 2ol 78 & Ak

l(B) = p_vilog{m(z:)} + (n - Zy> log{1 — m(:)}.
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2.1.1. 2ZX|AE 2d 22 229 &5 UETT f(w)d 74 22 5 F(w)+ th=34 2th
_ ewf—(w-p)/s)
T = ¥ expl—(w - w) /o1
__exp{—(w—p)/s}
F) = T expl—(w— )/}
9] Ao pe 12 24 (location parameter)©]il, s > 05 HE E4>(scale parameter) o]t} $]2]
Aoz HH oS3 T2 S et

1— F(w) s
o] AolA F(w)e] £2(odds)®] 21 Wge] we] APAeog A 2
oz 2A2E IAAL v 2o 39T 5 Qith

logit {P(Y = 1|X = z)} = log { : fg(;i'ﬁ;i)w)} —2"8.
){l—P(Y =1|X =2)} = P(Y = 1|X = &)/P(Y = 0|X = 2)0]1, o] AL

It @ = (La1,...,2p) 13, B = (Bo, Br, ..., Bp) " B3 B2} o] ),

m{o
o

AL = ot B

“

odds = exp (:cTﬁ) =exp(Bo + fr1z1 + -+ + Bpxp).

Aol Moz Rl 0,7 & B SAL M) loglodds)e § (G =1, p)RE FAeckn A4Y 3]
th 22E o83l HHT = ok B W] 2AAE BFo) o] dlojElg] Eajol] 25 2o|w
(]
A

= A Bxo FAEE BExo|1, erf( )2 2 ?;-T—(error function)o]t}. 2] (2.2)9]
A FHAL FE g 0()9 W (argument) 7} woll F AP Alolth. o] BYo] /)2H mmyl vy

Probit{P(Y =1|X =a)} =® {P(Y =1X =a)} =z' 8.

2.1.3. Cauchit 23 4] BZ(Cauchy distribution)d] & U 3¢ f(w)e FHEZ I

Flw)t o3} 2o},
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ol ml woe A B, v+ X BEolt) 919 4o 2RE Cauchit 282 t}23} 2

rlo
ol
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Cauchit{P(Y = 1|X = x)} = tan {w {P(Y =1X ==x)— % } =z

2.1.4. 2Y1(Robit) 2H Pregibon (1982)% ©]A4 (outlier) o] &= wlo]E| Q] Aol ZAAH
=2y 87 2] Ao S5 2PA7} robust A e B AR ol AL A4
S8 Liu (2004) & 249 37 2g< Adsiict. 29 39 2L 4 (2.1)004 g () 7Ft B2+

fotw) = LS (1 ) ,

Fi{1/2,( 1)/2,3/2,—

Fy(w):lthl“ 1/—|—1 2F1 {1/2,(v+1)/2,3/2, w/p}
Vrul'(v/2)

o] Ao v AFEolAL, 12 273} 8k (hypergeometric function)o]t}. 2¥ 2§ o3} 2+

o] FojHr}.

2.1.5 EHE‘ 252 0|8%t 239| bl Figure 2.1 A7 B3, 22 A8 Bx 34 E¥ 8=

29] & UE 59 FAHEEE B2 E Bl ) o] FF EXES F9%Y FE U=
7} = ”Aii ugstd, 2xag 2 A 2 AR5 3¢ ¢ 2, I BE $olry. AUE J)E
o oju o] o Wk BUF £t GAT, HolHE o AU 4+ At 2ol /1 FL 2ol
g Zolth. A 22 E o]gst =28 2P} 2AAE X E o83 2XAEH BYPL E UE T
7t AL vl 32 & Ak &, T 239 AdSA vl o g AL o] Ao, L 2R
o] golgt EXAE "ol M SHAA FEH 2Y F Tt AAE Z2H BRFP R 2
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A7} 3 H gt
gir(@)} = —g{l —=(z)}. (2.3)

A7 w(x) = 0.502 FACE 7(x)o ¥HE ZFA
A= 571 27 9ot Figure 2.1 XﬂA]% BExE=rE A 35 Bxo 57k
o] 002 ZHe:= 7I&719 1= S 7127]9 digho] e thH ol sholdk 4 9]
th AT AAEE a7t S7F Ev gadel uet 54 Aol dojd FE¢] 008 2= $59
12 23 £571 o2 4$7F dutgolt). o3 Wofl A, A EEE o] 43t BE o7 HolH 3
7 242 toleE Agste ol dAE zta Sl

(z) = P(Y = 1| X)7} 03} 12

_I
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Figure 2.1. Probability distribution functions (PDF) and cumulative distribution functions (CDF) of Normal,
Logistic, Cauchy, Student’s ¢ with degree of freedom 3 (T_df3).

SE9} 12 P25k $E7} 08 5ol an

2.2.1. J|2 %2 0|88 P8 Chen 5 (1999)& 7¢ A7 BEZ o] &3l T3} 2 3
Y-S ALFATE w = (wi, w2, ..., w,)"E I Y A5k 3
o 0, if w; <0,
TV i w0,
wi=x;B+0zi+e, i=1,....n, (2.4)
A7IA ziE FE W Z9 WA AFAL, Z+ F4 FE FE G, U9k 5 gE ek o o),
Gt g 247k 7% BRo) w4 8F BEol 88 UL ol Fe og BEo) w4 8% Buoo,
79} eo B oz} ARRTHE, 9] BT E T} 2L BYS deny.
PY=1X=2a)= / F (wlTﬂ + 522) g(zi)dz,

< ZFeta YA S AL Kim 5 (2008)04+= 4] (2.4
wekE o] 69 Ao Ao| 7153 unidentifiable) #A| 7} WIS 2 A8ttt

TN

2.2.2. 2B} ¢ 1A Sl D3 (generalized t-link model) Kim 5 (2008)2 Arellano-Valle
5 (19959 Aszalinis} Valle (2006)914 ANE 712 1 RES ol &3lo] thest 22 £¢ w o] o]
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~fo, i wi<o,
YT 1 i w0,

wi=a;8+6{zi—E(Z)}+e, i=1,...,n. (2.5)
zie BE W5 Z9 iR #S A o|th. Kim 5 (2008)2 A2 T4 g7 A2 A= w A 374 (biased
estimation)d 7Fs/de] 7] W&l AT B2E 53 A2 g5 B & Y 5+ US IF°

ATk Kim 5 (2008)0)A el o]48 EE& v 2t}

Pyt vo (W) = NN G

ol ul, 1S FE) B, vov HE ROtk W7k pgi w2 s W
v1 > 29w, var(W) = v2/(v1 — 2)
t 227t Aok viol e £5, 74
Lo} Kim S (2008)9] 8o 4] =)
olar, wle] |t WL o] §3te] B4 FA AT
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2.2.3. H|UIA! %2 0|28 232 Ul  Chen % (1999)7} Kim % (2008)& &3 232 £33
o] Z "lolE] 4 WS Attt F EYPL VR BEE o831, 5 ddo] dojd FEo] 19
AT £59 00 28 SEE T EA & 4 Jonzg gy EXE o3& vl o[ dloH
£ o & A ¢+ ). Kim 5 (2008)8] B2 AAEgre] 9471 7|+ t B2 = HolA Chen &
(1999)¢] ©]&3 7| & AqHET; FA% AZTrE o]833th Chen 5 (1999)9 2@ &3 23
FRoA AE A 8] & vf 23EAS wf, W 809 AL}t Aol e 4 9o, Kim
S (2008)9) Ry AAI} ;WP @ elo] AE FHesh PHE =&

2.3. &8 22X 2 0|180}X| &2 2

2.3.1. log-log 233} Complementary log-log 23 2.1 A AFA=o] thY EXE o] &

St o]A dlolE FA BHL2 w(x)7t 028 23 59} 12 25 $571 22 548 Zerh
a2, diolgol wele ol e SAE wEXA] o= A7 24T 4 ) Yates (1955)& T2
Zro] F7kA] W3 A (2.6)T} A (2.7)2 o83t w(x)7t 008 2HeE= £29 12 2He= $27

£ g4 7 BEe Aokt

e Log-log 28
m(x) = exp {f exp (a:T,B)} , (2.6)
log [ log{n(x)}] = = 8.
e Complementary log-log 2

m(x) =1—exp {— exp (wT,B) } , (2.7)

log [~ log{1 — ()}] = =",
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Log-log 8L 7(x)7} 022 ©] w27 =3}, complementary log-log 282 12 ©f w24 3
=23tth. O’hagan®}t Leonard (1976)l o3l 71 A EE7F AL A= JLEZ Yates (1955)2]
complementary log-log 282 1 Ao vlti A4S 71 o] R dolH Ex2H Z-87127}F A0S A
o7 AZHET

2.3.2. AvBle}l 2X|AEl 23 (generalized logistic models) Stukel (1988)2 ZA|AEH 23S
WP o2 22 ANkl 2AAE 2Ye AT

) _exp{ha(n)
I+ exp{ha(n)}’

ol wl, ha(n) ©F ZF71ek= ] HIAY F5olth a = (a1, a2)" & o] T2 JES 2As= 250
>0

Ha(n

ho = oy " {exp (aa|n|) = 1} (a1 > 0) + nI(a1 = 0) — o "log (1 — aa|n]) I(as < 0).
n<0(p<05)<d uf,

ha = —ay " {exp (azln|) — 1} I(az > 0) + 7l (a2 = 0) — a5 ' log (1 — az|n|) I(az < 0).

=4
e —— R
% HET o|gHTYE, AT BT} HE B2l HE A9 A
A RER 8T 4 Atk e Al 2A2Y By FPelE, A5 F4E AW BE o|§

@ A%, FAEAF RIE QA o2 330 Aol AT A
[ 3

2.3.3. &2 232 0|20olX] &2 230 st pEF Complementary log-log 232 Yates
(1955)0| A Aletd By oz R, T GAZIA = 7| BZ7F A 7] Hol 7] wlgel], 7|+ BXE o
S3kA] ¢ v IS 7H 2E S Aldcks FoAlA 9uzt glek. 22t Chen 5 (1999), Kim
S (2008)°] 9} 7 BEE o83 &4 "Wl AAEAT] wiEel, 7 BEE o83 2Y

o] <
0]&3sto] log-log @3} complementary log-log 23] “F3 < IS 7};“”1/\'1 o f4% 2
Ao] ZhsaliFth. 21 f5 TFE o83 4 WHE o8] 01‘3137%‘4' %
9l (asymptotic) SA4E 3317 oj&2 ufl, B|o] x|t = ]‘

042 Guis}l 24 BP9 Ao BAE A B2 o] 8] HAFH /‘]'6‘ —‘.‘:_'—3,7-_% =
H| o] 2] b ¥ of] A ko] A7) A o] Ut

3. J|2 Uvls} ¢ % (skewed generalized t distribution)2| 0|&

o] ZollAl= o]Zl Hlolee] 71 By A (2.1)° ABTFE 7] Guks} t £EE o]§sto] o] Hlo]
g 24 5 9l WS Atk Kim 5 (2008)2 AATo] 71 ¢ REES o] &3igied], o
g el 7‘]177};‘1 ol Hlole BAel A8d #x F 7MY AT Bxolrt. 27 olA A A W
o] 227t o x5 A v 7Hs)E ofE R, AF7HA o]X HolH 24 =AU BE
TEE O XFSHEANE B 9T BEE o8 5 At ol HlolHE 8 & APAIZ 5 e A
o]t} Theodossiou (1998) 7} A|AI g 7]-& Auks} ¢ E22 (skewed generalized ¢ distribution)& Kim %
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(2008) 7} ©]&-3t 7|2 t X E E3sl= g 224, McDonald2} Newey (1988)7} A|AISE Luks} ¢
T3 (generalized ¢ (GT) distribution) & 743l ThE01X Fxo|t)h. o] £x& &&, 4 A 5

g ]

V&, AF% 143 22 FE Ul E RA0] ARAES 9% (skewness) 9 B (kurtosis) & 7
=
B

2}
FEA VHE & A5 S BECIAG. 71 A}t BEE 0423 2o
Jsar(x;p, 0, p,q) = - P F (3.1)
= 1 |z —p+m|P P
2U0qu (;’q) |:q(vo‘)P{)\sign(zf,uA»m)le}P + 1]

o W}, B(a,b) = T'(a)I'(b)/T'(a + b)°laL, e tha3t 22 235 WEs|of gt

{(o,\,p,q) :0>0,-1 <A< 1,p>0,9>0}

71 sl ¢ BEE A4 2E, w2, 72t X, NSl t B3, SHFE X (extreme value distri-
bution) 5 EgAT). welA, 71 Ash ¢ REE Ee) Z2y Be, 23 28, Chen 5 (1999)7}
Kim 5 (2008)7} AAIgk R¥S whes Zlo] 7hsel it Davis (2015)& 25 u, 0, A, p, ¢ HF
wogN AREE B8 At pe T4, ot A%, pot g FEE 2HSe Eyojth =
3t Hansen % (2010)2 Figure 4.1& §3to] zZ} BEx &7 AAE AZdt)h 7|2 dwisl ¢t Ex &
SGTE FEAISHAIL, the 23X+ ot 229 FF B3t I oA 25 <ol &7]8k3ith

1. 7] 4uts} @A} 232 (skewed generalized error distribution; SGED) : ¢ = o0

2. Yuks} ¢ B3 (generalized ¢ distribution; GT): A =0

3. 7] t BZ(skewed ¢ distribution; ST): p = 2

4. 7)¥ 2FZ2f BE (skewed Laplace distribution; SLaplace): p=1, ¢ = oo

5. w3l @2} B3 (generalized error distribution; GED): A =0, ¢ = o0

6. 7] A+ F3(skewed normal distribution; SNormal): p =2, ¢ = oo

7. t ¥3Z(student ¢ Distribution; T): A =0, p =2

8. 7]& FA] 3 (skewed Cauchy distribution; SCauchy): p =2, ¢ = 1/2

9. gF=Zglx EZ(Laplace distribution; Laplace): A=0,p=1, ¢ = 0

10. ¥#%5 2%

H
=
o
M

K

Bl
=]
]
-
=
=3
e
7
o+
=5
o
=
=
@]
B
Z,
@]
-
=
o

=
>
I
=
=B
I
}\3
Q
I

Aol AT AN 71 AW} ¢ REES o] §31W TR RES WE £ gonz ol o & 4
FE 5 ek AW, 71 DU} ¢ RES 0§57 A 25 O AR BF FAT Foole =2
3 2Y3 o] BF AT LES o §T MR ARES} Wol A 51, 2A2Y BYHY 02E 4
4 o188 5 g7l whzel B4 SRAHE 242 BYRT FEET} ol 5 ek A HlolEo]
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SGT
|
g—to Az0 p=2
; |
{ seep |} | e | | st |
) p=1 }‘:%:G.q—'rm p=2 g0 . p=2 }Fng q=12
e ] [Snormal | I [ scauchy |
}.z!c: p=1 ;P2 _,,-\q‘g e q=1,2 A%D

| p—tea J |
[uniform |~ [Normal ]

Figure 4.1. The skewed generalized t distribution tree.

A F% NS5 0,1 F 714 g 248, 242 99 dol8 s et o) 4% 4 Atk 59 W
S ot 2L gol o8 A Q5 Atk U elHe ASvh obd, F2E a8 shie) A9 B W,
29 399 £8 No= Wt z (z = 1. N7t FolRE W @8 2 Holge £ niokn

= glo E19] bl spAb @i = 12 F3 j
=gty B dpoAs 1A g9lvk 1
_] pj-_‘e =] b‘;}-—[— FSGT(/%O- A, )()

o, i nife] Hlole] ol M 12 2
SJUIsHE, g A S Qugel A%
AREE Brh 7 A ¢ L
° 37 BYS wE 4 ek

P(Y = 11X = @) = Fsar (0, A,p,0) (27 8) .

—{F m{m F

27 9% $4F AU S A9 W B4 0, ) p, 0B FAVOEA AAAE 24T 4 A
pi =P, =1X =x;)9 FHXE p;etr & v, A} (deviance)+= Z3} B (saturated model) 7} —ir
£ ol 83e WY $=9 Aoj=H o] HolE e A¢= thxat o] ALtdrt

o) o ()

w
2
=2
2
W)
)
o
ki
oZ
22
o
o

1-83te] o]X dlolee 37 A& 3t <
(3.2)2 BE uEIHE A4 F(score function)S VS £ Y1, Ay o 2 =)
TEFHS 45 & Utk A et HAE FE(explicit form) 0 E U A] k7] wiel, X
A (numerical) 8 2 2 & 73 oF gt} McCullagh$} Nelder (1989), Wood (2006)°] 4|2 #
3k Wy 9l iterative reweighted least squares (IRWLS) W o] 2+ AH=E o] 9t} R glm <oA=
UZEE IRWLS #e] o853 girh. Koenker (2006)l R glmoll Al Alg8kA] & A2 34 (link
function)& glm 345 o] &3t FAT = = WHE ATt o Y-S o]831H RollA 7]
Gz} ¢ Hxo] F3 220 d¥84E d4 FFE o83t glm F4F o] 83 2] 7Rt R
971 A] sgt (skewed generalized t distribution tree)& ©]-83hH 7] 4wisl ¢ Ex9] & Ux® g
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F2 gE g 2948k (quantile function) 5& ©]-83 4= Ut} sgt ST Ao ik A
(2015) 914 &elg 4= ot RoA] o]&8 4= 9= sgt A2 & o234 Zo] YTt

library(sgt)
sgt<-function(m,sig,lambda,p,q,mean.cent, var.adj){
linkfun <- function(mu)
gsgt (mu,m,sig=sig,lambda=lambda,p=p,q=q,mean.cent, var.adj)
linkinv <- function(eta){
thresh <- -gsgt(.Machine$double.eps,m,sig=sig,lambda=lambda,p=p,q=q, mean.cent,
var.adj)
eps <- .Machine$double.eps”.2
eta <- pmin(thresh, pmax(eta,-thresh))
psgt(eta,m,sig=sig,lambda=lambda,p=p,q=q,mean.cent, var.adj)
}
mu.eta <- function(eta)
pmax(dsgt (eta,m,sig=sig,lambda=lambda,p=p,q=q,mean.cent, var.adj),.Machine$
double.eps”.5)
valideta <- function(eta) TRUE
name <- "sgt"
structure(list (linkfun=linkfun, linkinv=linkinv,
mu.eta=mu.eta, valideta=valideta, name=name),

class = "link-glm")

RolA glm 2ol sgt linkS ©]-§3to] that o] YHsh IRWLS o= o Hlojee] F40]
7Fesf Kt

m=0; sig=1; lambda=0; p=2; g=Inf; mean.cent=1; var.adj=sqrt(2);
glm(y~.,family=binomial (link=sgt (m,sig,lambda,p,q,mean.cent, var.adj))

oA m,sig,lambda,p,q= 27 7] 4ukst ¢t BE A (3.1)9 B u,0,\, p,qo]BE ©
FomA ek 718 Auish ¢ BE) Bhol 5otk HLE olA o83 e ATEE
H+& grolth. mean.cent®} var.adj= R sgt 3|71 Ao T 7] Quls} ¢ BE o AHA
2 mean.cent’} 7H = &= 72 1(true)d O(false) ©]t}. mean.cent7} 10] W % T2 B
T, 0008 e B2 AWgEew AV varadi7h 4L 5 Y RS 1, 05 P2 B2
e mAAE Golrh, A7 RAE RE ooe] Bl Bt S 28 clde A
AL o £l r/]’% Erots 3’&’%0] 7] whEel] AA S W82 Davis (2015) & FR3=E AL

o
+

=
o e

1o
J
oM
i}
o
Eri
o fojo of &

M Ao

—_

BG4 (404 B): 71e Q3¢ B BAS T4 gt I

gsgt (mu,m,sig=sig,lambda=lambda,p=p,q=q,mean.cent, var.adj)

A9 ZEAA mue 7(x) = P(Y = 1|X = x)7} 8= = H5ola, thE W5 (argument)= sgt
A7 ¥4 F= ohg RRA 2ol k.
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Table 5.1. The description of the variables of Pima Indian data

Variables Description
pregnant number of times pregnant
glucose plasma glucose concentration at 2 hours in an oral glucose tolerance test
diastolic diastolic blood pressure (mm Hg)
triceps triceps skin fold thickness (mm)
insulin 2-Hour serum insulin (mu U/ml)
bmi body mass index (weight in kg/(height in metres squared))
diabetes diabetes pedigree function
age age (years)
test test whether the patient shows signs of diabetes (coded 0 if negative, 1 if positive)
2. %4 3§ BE P4 (1094 2): 71 Awsht Bxe] 4 38 PE T4 psgt T I,

psgt(eta,m,sig=sig,lambda=lambda,p=p,q=q,mean.cent, var.adj)
9] =M etat Y A 270l YT ol ez & Wsolch
3. %E UE P (1394 2): 71 sl B¥e) HE UE P dsetE YDk

prax(dsgt(eta,m,sig=sig,lambda=lambda,p=p,q=q,mean.cent, var.adj),.Machine$double.
eps”.5)

99 FT oA etas AF A TG st Fho] YHEFE wfolth. Machine$double.eps=
RO TheL ulZal 49 double 24, 2.220446¢ 163} 7+o Zholt}.

1+x!=1

99} 7=

X
=
A8 F Biolc,

o) sgt YTE o 3te] 54 REE )7l tole) LAY ABYSE o] g3 B A F9E HFoA

ANEE B}

5. OIO|E] 24

FollA] o83t lelEl= Fut AT Bl HAE HE A ARE 085ty 39 4 A
&zt ek Fub 1A (Pima Indian)-2 1950 71A] v]Th1 AlgREo] §iglou 2047 &
T AAEE HFH7 Solu HZols 25 F 80%7) BT, 60%7F B TS wdtky st o}
F23} 2l 5v} ATI91e] AT A7 A5} AR BAAL IS STk of dolEle UCT
Machine Learning Repositoryoll A Al&3la 131, R 37]A] faraway ol A= pimagh= o] §og &
4 otk o] Hlolgd] £3H W4 vt 2l pregnant( YAl 34, glucose( AT TEF WA
/\]-01]/\1 2 A AY] 4 L= 5%), diastolic(EF7] ¢, ©9¥E mm Hg), triceps(AF2, @
+ mm), insulin(2 A7 A Jd€d, @9+ mu U/ml), bmi(AZHF X 4)+= Body mass indexZH
&9 += weight in kg/(height in metres squared)©]t}. diabetes(ZF=He] 42 245 A3 7)),
age(Ho])2} test(Fxol™ 1, ofyd 0)& H4E £33t Qlt). Table 5.1 o] do]g]o] 23+
g Aelsklth. A2 R 9714 farawayoll = pima H o8 e] RS 7HA $tth.
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> library(sgt)
> glm(test ~. ,data=pima, family=binomial(link=sgt(0,1,0,2,Inf,1,sqrt(2))))

Call: glm(formula = test ~ ., family = binomial(link = sgt(0, 1, O,
2, Inf, 1, sqrt(2))), data = pima)

Coefficients:

(Intercept) pregnant glucose diastolic triceps insulin

-4.8637528 0.0722842 0.0198836  -0.0079255 0.0012370  -0.0007415
bmi diabetes age

0.0523174 0.4982427 0.0101975

Degrees of Freedom: 767 Total (i.e. Null); 759 Residual
Null Deviance: 993.5
Residual Deviance: 725.6 AIC: 743.6

19l 3= probit AL o] &S Wit 2Vt Fue theolA FUAE + U

> glm(test ~ . ,data=pima, family=binomial (link=probit))

Call: glm(formula = test ~ ., family = binomial(link = probit), data = pima)

Coefficients:

(Intercept) pregnant glucose diastolic triceps insulin

-4.8637528 0.0722842 0.0198836  -0.0079255 0.0012370  -0.0007415
bmi diabetes age

0.0523174 0.4982427 0.0101975

Degrees of Freedom: 767 Total (i.e. Null); 759 Residual
Null Deviance: 993.5
Residual Deviance: 725.6 AIC: 743.6

273 SEge] A7k Ht A2 WAL Hask B welrh. webd 44 21 SRS AdS 1YL
344 9Job, Rol A sgt 912 B, glm F9} optim function g o]-§5ke] A7 27k 5= B4
2428 7 4 Aok o Holg 240 o8& BATRE E2ol AU

Table 5290 sgt AAF+E ]88 tlole] B4 A7E ANSAT ¢ BE, 7St B2, Qs ¢ B
£, 71e A8} ¢ BES 053 AFE WRT 5 Utk ¢ REES o[ §8 BYLS AFE7} 200.000] %
z2y By ofF uld ARE Mol Frh of W, 91X Bi AY A9 ARG wHrE 4¥e
FBR 94X BE 2 002 DR AGHAh 47 0E AAPSE o) gFYonE, B 1]
59 A+E A W PAY, 2L BY Yo AL AEE e ASE vlmshe Zo] guzt
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Table 5.2. Results of Pima Indian data using sgt link

t (df = 200.00) Skewed-t
(b =0,0 =1,A=0,p=2,q = 100.00) (0 =0,0=1,A=0.38,p=2,q = 0.89)
Estimate (ste.err) p-value Estimate (ste.err) p-value

(Intercept) —4.883 (0.391) < 2e716 sk —6.081 (0.670) < 2e716  wkk
pregnant 0.073 (0.019)  9.96e=5 0.093 (0.026) 0.000 ***
glucose 0.020 (0.002) < 216 kx 0.029 (0.003) < 2e716 Ak
diastolic —0.008 (0.003) 0.009 ** —0.009 (0.004) 0.0385 *
triceps 0.001 (0.004) 0.765 —0.002 (0.005) 0.752
insulin —0.001 (0.001) 0.161 —0.001 (0.001) 0.215
bmi 0.052 (0.009) 9.88¢10 sk 0.068 (0.013) 1.02e~7 ek
diabetes 0.502 (0.171) 0.003 ** 0.924 (0.245) 0.0002 ***
age 0.010 (0.005) 0.064 - 0.012 (0.007) 0.109
Deviance 725.47 718.21
AIC 743.47 736.21

Generalized t Skewed generalized ¢

(1=0,0=2A=0,p=2238,¢=007) (u=0,0=1\=043,p=17.79,q = 0.07)

Estimate (ste.err) p-value Estimate (ste.err) p-value
(Intercept)  —10.812 (0.959) < 2e~16 ik —5.375 (0.556) < 2e716  wkk
pregnant 0.149 (0.040) 0.000 *** 0.075 (0.023) 0.001 ***
glucose 0.046 (0.005) < 2e~16 ok 0.026 (0.003) < 2716wk
diastolic —0.015 (0.007) 0.021 * —0.007 (0.004) 0.061
triceps —0.001 (0.009) 0.943 —0.001 (0.005) 0.779
insulin —0.001 (0.001) 0.202 —0.001 (0.001) 0.147
bmi 0.111 (0.019)  9.54e™9 **x* 0.061 (0.011) 3.85¢78  Hkx
diabetes 1.335 (0.384) 0.000 *** 0.814 (0.212) 0.000 ***
age 0.019 (0.012) 0.116 0.011 (0.007) 0.082
Deviance 719.65 714.51
AIC 737.65 732.51

o

=1, A=043,p=17.79, ¢ = 0.07Z Zr& 7]-> Ln3} ¢t Hzolt}. o3 B4E 2}

2x0] F4 FF BEE Figure 5.1004 AT ¢ v} vla s s AFEE= 7 AA]

Sk sgt AAITE ol 8dke Zo] v B R AICT} Fa ==yl Ryelu ¢ BxE A48

RPEE A SHANA uds AFE Hol £tk Ful o] thE FFof H|

< FAHer A% sHo] Holur] W&, 912 dAlA diabetes7t

Frojsta Alg £3 v Alge] FAA O vl 2 grol vtk 250] Ae 5 vt ThsAde]
AR BTt E 7FsA o]l FOB triceps?] AT 57 Utee A

Fholth. 91¢] Ao A= triceps?] BF 7t 247 YA W 2y

Z 2ol By oFH ZX A€, =2Y] Cauchit, Complementary log-log
g, =24, Cauchit 2FL gE0] 03} 1] o= $57 22 2o
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Figure 5.1. Cumulative distribution functions (CDF) of Normal and skewed generalized t with parameters
(1,0, A, p, @) = (0,1,0.43, 17.79,0.07).

ok o]ZA2 hAA R 7|Wkst7] wiolty. Complementary log-log 28+ o] 03} 19 H&
3= £ 27 o2 g F QA 2ol v|fAe EEE 0|83} Complementary log-log ¥ K} &
o gk o]7 dole 4 2¥E wE 4 Slttk Theodossiou (1998) ) A] Zﬂ/‘lﬂ 7] & guksl ¢ 2
Ze 2 gE A 22, ¢t 22 B opvE, SHg 2E/AE e 5 e A% Exo
), o] BZE o]§3to] & o] §A3 o1 HlolE I BYo] 7RG ¢ %}— JJEHE sto] 2 A
(fitting) D RHE B3l nigde I ATE TSR T woll 71 Guksl ¢ Fxo 2A%E o]
71 o]y 34 24 0] 7|0 AAE e RPHTE F85H o]82 F U= ALE ity 23
BYoA o] Ao dF= AA e H S5 FAHXE Foh= WHOE EM 8EE o453
Eul, % AFE 7|2 gzl ¢ £XE o83t EM €| MRS AGE = A, dRks ¢t 22
£ o) 8% £ 2 M T wlo|A <t FHS AL = IS Aotk

df=1;
m=0; sig=1; lambda=0; p=2; q=df/2;
glm(test = . , data=pima,

family=binomial (link=sgt(m, sig, lambda, p, df/2,mean.cent = FALSE,var.adj =
sqrt(2))))

AAA & dfell ¢ F29] AHREE AYeH tE 2] AREE 2] ooy £49] A4
hak:

cE
s i A=
2 o83 4 AUtk 9] APE t BE AFEA} 19 F$o|2Z g3} 2] Cauchit 2HE o
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23t 23} 2t} Koenker (2006)°]] Gosset 3E T3 tEZE 0]83 glmE AASHE =], $12
= A9} thg Gosset §3E T3l & 27 Lok

g.cauchit <- glm(test
g.t <- glm(test

,data=pima, family=binomial (link="cauchit"))

,data=pima, family=binomial(link=Gosset(df)))
o 7]-% A4t (skew-normal) £XZ (p =2, ¢ = 00)

m=0; sig=1; lambda=0; p=2; q=Inf;

glm(test ~ . , data=pima,
family=binomial (link=sgt(m, sig, lambda, p, q,mean.cent = FALSE,var.adj = 1)))
o 7]t (skew-t) EXZ (p=2)
m=0; sig=1; lambda=0.5; p=2; q=1;
glm(test ~ . , data=pima,
family=binomial (1ink=sgt(m, sig, lambda, p, q,mean.cent = FALSE,var.adj = 1)))
o U3} ¢ (generalized t) &3 (A = 0)
m=0; sig=1; lambda=0; p=1.5; qgq=1;
glm(test ~ , data=pima,
family=binomial (link=sgt(m, sig, lambda, p, q,mean.cent = FALSE,var.adj = 1)))

2 5% dlolg B4 o]&FHJH EZ T obj.function®]th. glm A} A devianceE HAZ
= 398l

e
e

obj.function <- function(par){
tryCatch({
sig=par[1]; lambda=par[2]; p=par[3]; q=par[4];

g<- glm(test ,data=pima, family=binomial(link=sgt(0,sig,lambda,p,q,0,1)))
deviance(g)

}, error=function(e){})

R 317]A] sgtoll 3

234 sk dsgt, psgt, gsgte E57) varadj = 10]31, po} ¢2] Fo] 2R} FAY &
oW AT WAA} EEs
2=,

BElA Atk optim F4E ol§ 3] AT 2w, oHY wpe &

l‘

ol 4L 4 glonz, o] A9t uF AL optimE A% o §HEE tryCatch F5E o8
Bieh. RolA optim $4-8 ol§3le] 919 BAYSE 4T Vet 71 Ane (£¥e) R5F o}
o3} ge o 2 4 glrh

options(warn = -1)

library(sgt)

data(pima,package="faraway")

min.dev<-optim(par=c(1,0,3,1), fn=obj.function, lower=c(0, -1, 0, 0),
upper=c(Inf, 1,Inf,Inf), method="L-BFGS-B")
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B A% obj.function® 4 Z2 = E4E mindevSparol] A&A5E 3, o] E4E o] 831 glmS
AYst=s F== v 2o

m=0; sig=min.dev$par[1]; lambda=min.dev$par[2]; p=min.dev$par[3]; g=min.dev$par[4];

g<- glm(test ,data=pima, family=binomial(link=sgt(0,sig,lambda,p,q,0, 1)))

summary (g)
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