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°≈ÿà¡∑ÿ°°≈ÿà¡‰¥â∂Ÿ°μâÕß (Sensitivity) ·≈–μ—« ∂‘μ‘¿“«– “√Ÿª¥’ ‡¡◊ËÕμ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡ Y ‡ªìπ·∫∫¡’≈”¥—∫ 3 °≈ÿà¡·≈–μ—«·ª√

Õ∏‘∫“¬ (X1, X2) ‡ªìπ·∫∫·∫àß°≈ÿà¡ ª√–°Õ∫¥â«¬μ—« ∂‘μ‘ Likelihood Ratio statistic (G
M)
), Generalized Coefficients of Determination

(R2 
analogs), Bayesianûs Information Criteria (BIC), Akaike Information Criteria (AIC) »÷°…“¿“¬„μâ°“√·®°·®ß¢Õßμ—«·ª√

Õ∏‘∫“¬ 3 ·∫∫§◊Õ (X
1
, X

2
) ~ multinomial (

1
, 

2
, 

3
, 

4
) : (0.10, 0.35, 0.45, 0.10), (0.50, 0.30, 0.10, 0.10), (0.25, 0.25, 0.25,

0.25) ∑’Ë Õ¥§≈âÕß°—∫§à“¢Õß (X
1
, X

2
) = (0, 0), (0, 1), (1, 0), (1, 1) μ“¡≈”¥—∫ ·≈–æ“√“¡‘‡μÕ√å¢Õßμ—«·∫∫§◊Õ

1
 = log       0

1 = log          , 1 = log 2, 2 = log 3, 12 = log 2 =0-4.5 (‡æ‘Ë¡∑’≈– 0.3) ·≈–°“√·®°·®ß¢Õß Yûs 4 ·∫∫§◊Õ Y~ multinomial

(p1, p2, p3): (0.05, 0.20, 0.75), (0.25, 0.50, 0.25), (0.5, 0.20, 0.25), ·≈– (0.33, 0.33, 0.33) ‚¥¬„™â¢π“¥μ—«Õ¬à“ß 4 ¢π“¥§◊Õ 600,

800, 1,000, ·≈– 1,500 °“√®”≈Õß·∫∫∑” È́”„π·μà≈–‡¢◊ËÕπ‰¢ 1,000 §√—Èß¥â«¬‚ª√·°√¡ Macro ∑’Ëæ—≤π“¢÷Èπ¡“ª√–¡«≈º≈√à«¡°—∫

MINITAB Version 11 (‰«¬“°√≥å§” —Ëß) ·≈– 15 (°√“øæ≈ÁÕμ)

º≈¢Õß°“√«‘®—¬ ª√–‡¥Áπ·√°æ‘®“√≥“®“°≈—°…≥–°“√·®°·®ß¢Õß Yûs ¿“¬„μâ·μà≈–°“√·®°·®ß¢Õß (X
1
, X

2
) æ∫«à“

‡¡◊ËÕ≈—°…≥–¢Õß°“√·®°·®ß¢Õß Y ÷́Ëß¡’ —¥ à«π¢Õß·π«‚πâ¡™—¥‡®π§◊Õ Y ~ multinomial (0.05, 0.20, 0.75) μ—«·∫∫¡’ Sensitivity

¢Õß°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß‰¥â¥’°«à“¢Õßμ—«·∫∫¿“¬„μâ°“√·®°·®ß¢Õß Yûs ·∫∫Õ◊ËπÕ’° 3 ·∫∫„π∑ÿ°≈—°…≥–°“√·®°·®ß¢Õß (X
1
,

X
2
)ûs √Õß≈ß¡“§◊Õ Y~ multinomial (0.33, 0.33, 0.33), (0.25, 0.50, 0.25) ·≈– (0.55, 0.20, 0.25) μ“¡≈”¥—∫ ‚¥¬§à“¢Õß Sensitivity

‡æ‘Ë¡¢÷Èπ‡¡◊ËÕ§à“¢Õß 12 ·≈–¢π“¥μ—«Õ¬à“ß‡æ‘Ë¡¢÷Èπ ª√–‡¥Áπ∑’Ë Õßæ‘®“√≥“®“°≈—°…≥–°“√·®°·®ß¢Õß (X
1
, X

2
)ûs ¿“¬„μâ·μà≈–°“√

·®°·®ß¢Õß Y æ∫«à“ ‡¡◊ËÕ°“√·®°·®ß¢Õß (X
1
, X

2
) ¡’≈—°…≥–¢Õß —¥ à«π§«“¡πà“®–‡ªìπ·∫∫ ¡¡“μ√ §◊Õ (X

1
, X

2
) ~ multinomial

(0.25, 0.25, 0.25, 0.25) μ—«·∫∫¡’ Sensitivity ¢Õß°“√æ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß¥’°«à“¢Õßμ—«·∫∫¿“¬„μâ°“√·®°·®ß¢Õß (X
1
, X

2
)ûs

·∫∫Õ◊ËπÊ „π‡°◊Õ∫∑ÿ°≈—°…≥–°“√·®°·®ß¢Õß Yûs √Õß≈ß¡“§◊Õ (X
1
, X

2
)~ multinomial (0.50, 0.30, 0.10, 0.10) ·≈– (0.10, 0.35,

0.45, 0.10) μ“¡≈”¥—∫ ¬°‡«âπ°√≥’‡¥’¬«∑’Ë Y~ multinomial (0.5, 0.20, 0.25) ·≈– (X
1
, X

2
)~multinomial (0.10, 0.35, 0.45, 0.10)

μ—«·∫∫„Àâº≈≈—æ∏å¥’°«à“¢Õß°“√·®°·®ß¢Õß (X
1
, X

2
) Õ’° 2 ·∫∫ ≥ Y ‡¥’¬«°—π ·μàº≈≈—æ∏å¥—ß°≈à“«¬—ß¡’§«“¡·ª√ª√«π§àÕπ¢â“ß Ÿß

ª√–‡¥Áπ ÿ¥∑â“¬æ‘®“√≥“®“°μ—« ∂‘μ‘¿“«– “√Ÿª¥’μà“ßÊ æ∫«à“ ‡¡◊ËÕ≈—°…≥–°“√·®°·®ß¢Õß Y ·∫∫¡’ —¥ à«π¢Õß·π«‚πâ¡™—¥‡®π

·≈–·∫∫ ¡¡“μ√  à«π¢Õßμ—«·ª√Õ∏‘∫“¬‡ªìπ·∫∫ ¡¡“μ√ μ—«·∫∫¡’ Sensitivity ¢Õß°“√æ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß¥’°«à“¢Õß

μ—«·∫∫¿“¬„μâ°“√·®°·®ß¢Õß·∫∫Õ◊ËπÊ πÕ°®“°π’È§à“¢Õßμ—« ∂‘μ‘¿“«– “√Ÿª¥’ R2 
analogs ¬—ß¡’·π«‚πâ¡‡æ‘Ë¡¢÷Èπ  à«π G

M
, AIC, ·≈–

BIC ¡’·π«‚πâ¡≈¥≈ß μ“¡¢π“¥μ—«Õ¬à“ß·≈–¢π“¥¢Õßæ“√“¡‘‡μÕ√åÕ‘∑∏‘æ≈√à«¡¢Õß Õßμ—«·ª√Õ∏‘∫“¬μ“¡≈”¥—∫ ´÷Ëß„Àâº≈≈—æ∏å¥’¢÷Èπ

∑ÿ°§à“ ·≈–¡’§«“¡§ß‡ âπ§ß«“∑’Ë Õ¥§≈âÕß°—∫º≈≈—æ∏å∑“ß∑ƒ…Æ’´÷Ëß “¡“√∂„™â„π°“√μ√«® Õ∫μ—«·∫∫μàÕ‰ª

§” ”§—≠ : Polychotomous logit models, Sensitivity, Deviances, Bayesianûs Information Criteria.
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Abstract

The sensitivity analyses of polychotomous logit models with ordinal response categories and two nominal

explanatory variables with interaction term are performed. The magnitude of goodness-of-fit statistics, the coefficients

of determination or R2 
analogs, and the likelihood ratio statistic, G

M
, AIC (Akaike Information Criterion, Akaike, 1973),

BIC (Baysian Information Criterion, Schwarz, 1978) are also calculated. Simulations have been conducted for the

multinomial logit models with K=3 response categories and two explanatory variables (X
1
, X

2
) whose joint distribution

of (X
1
, X

2
) is assumed to be multinomial with probabilities of 

1
, 

2
, 

3
, 

4
, corresponding to (X

1
, X

2
) values of (0, 0),

(0,1), (1, 0), (1, 1), respectively. Three sets of (
1
, 

2
, 

3
, 

4
) are studied to represent different distributional shapes,

which were chosen to induce possibly strong effects such that 1 = log 2, 2 = log 3, and 12 = 0.0-4.5, namely (X
1
, X

2
)

~ multinomial (0.10, 0.35, 0.45, 0.10), (X
1
, X

2
) ~ multinomial (0.50, 0.30, 0.10, 0.10), and (X

1
, X

2
) ~ multinomial (0.25, 0.25,

0.25, 0.25). Four sets of the three ordered category distributing corresponding with the (X
1
, X

2
) were again generated

through the models under the proportions of (p
1
, p

2
, p

3
), namely Y ~ multinomial (p

1
, p

2
, p

3
): (0.05, 0.20, 0.75), (0.25, 0.50,

0.25), (0.55, 0.20, 0.25), and (0.33, 0.33, 0.33) from which it follows that the true model intercepts are 1 = log

1 = log          corresponding  to the proportions of Y = 1, 2, 3, respectively. Four sample sizes of 600, 800, 1,000,

and 1,500 units were conducted. Each condition was carried out for 1,000 simulations using the developed macro

program run with the Minitab Release 11 (command syntax) and 15 (graph plots).

The research results, based on the sensitivity and goodness-of-fit statistics, show that the models under the

distributions of Y ~ multinomial (0.05, 0.20, 0.75) and Y ~ multinomial (0.33, 0.33, 0.33) perform better than those of

other conditions of Yûs, for every distribution of (X
1
, X

2
) in term of  the  sensitivity totals, of  which the values also tend

to increase as 12 and the sample size are increased. In addition when (X
1
, X

2
) ~ multinomial (0.25, 0.25, 0.25, 0.25), the

sensitivity results are superior to those of other distributions of (X
1
, X

2
)ûs for most distributions of Yûs. The goodness-

of-fit statistics, R2 
analogs, increase, while as the G

M
, AIC and BIC statistics decrease, as the 12 and the sample size

are increased. Therefore, not only the sensitivity plots but also the goodness-of-fit statistics are generally consistent,

of which the results improve the model fits as sample sizes are large.

Keywords : Polychotomous logit models, Sensitivity, Deviances, Bayesianûs Information Criteria.
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°“√«‘‡§√“–Àå§«“¡‰« (Sensitivity analysis)  ”À√—∫

°“√æ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß¥â«¬μ—«·∫∫‡™‘ß ∂‘μ‘ Agresti (2002)

‰¥â„Àâ§«“¡À¡“¬¢Õß çsensitivityé ‰«â§◊Õ §«“¡πà“®–‡ªìπ·∫∫¡’

‡ß◊ËÕπ‰¢ (conditional probability) ∑’Ëº≈≈—æ∏å∑’Ë π„®®“°μ—«·∫∫

®–μ√ß°—∫º≈≈—æ∏å∑’ËºŸâ‡™’Ë¬«™“≠‰¥â«‘π‘®©—¬‰«â À√◊Õ‡ªìπ®√‘ß ”À√—∫

ª√–™“°√∑’Ë‡√“∑¥≈ÕßÀ√◊Õ ÿà¡μ—«Õ¬à“ß¡“»÷°…“

μ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑ (polychotomous logit models)

¢¬“¬®“°μ—«·∫∫‚≈®‘∑·∫∫æ◊Èπ∞“π∑’Ëμ—«·ª√À≈—°À√◊Õμ—«·ª√

μÕ∫ πÕß (response variable) ¡’‡æ’¬ß 2 °≈ÿà¡À√◊Õ∑«‘¿“§

(dichotomous or binary response categories) ¡“‡ªìπ·∫∫

À≈“¬°≈ÿà¡ (polychotomous response categories) ´÷ËßÀ¡“¬

√«¡∂÷ßμ—«·∫∫∑’Ë¡’μ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡ (categorical variable)

∑’Ë¡’°“√·®°·®ß·∫∫ Multinomial ÷́Ëß‡ªìπ·∫∫¡’≈”¥—∫ (ordinal)

À√◊Õ·∫∫·∫àß°≈ÿà¡ (nominal) ∑’Ë‰¡à¡’≈”¥—∫‰¥â  à«πμ—«·ª√Õ∏‘∫“¬

μà“ßÊ  “¡“√∂„™â ‰¥â∑—Èß·∫∫μàÕ‡π◊ËÕß (continuous) ·∫∫‡™‘ß°≈ÿà¡

(categorical) À√◊Õ∑—Èß Õß·∫∫ μ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑∑’Ë„™â∫àÕ¬

¡’À≈“¬μ—«·∫∫ ‡™àπ μ—«·∫∫ cumulative logit models ´÷Ëß‡ªìπ

μ—«·∫∫Àπ÷Ëß„π°≈ÿà¡¢Õßμ—«·∫∫‡™‘ß‡ âπ∑’Ë«“ßπ—¬∑—Ë«‰ª (GLMs or

generalized linear models), (Nelder & Wedderburn, 1972;

McCullagh & Nelder, 1989; McCulloch, 2000) ÷́Ëß„πªí®®ÿ∫—π

‰¥â¢¬“¬¢Õ∫‡¢μ¢Õß∑ƒ…Æ’·≈–«‘∏’°“√ª√–¡“≥§à“æ“√“¡‘‡μÕ√å

¢Õßμ—«·∫∫ ”À√—∫μ—«·ª√μÕ∫ πÕß®“°·∫∫·∫àß°≈ÿà¡ Õß°≈ÿà¡

À√◊Õ¡“°°«à“„Àâ„™â ‰¥â ”À√—∫μ—«·ª√μÕ∫ πÕß·∫∫¡’≈”¥—∫μ—Èß·μà

3 °≈ÿà¡¢÷Èπ‰ª ¥—ßπ—Èπμ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑®÷ß√«¡μ—«·∫∫„π

√Ÿª·∫∫¢Õß Proportional odds logit models (McCullagh,

1980) ·≈–μ—«·∫∫Õ◊ËπÊ ∑’Ëμ—«·ª√μÕ∫ πÕß¡’≈”¥—∫·≈–¡’°“√

·®°·®ß·∫∫¡—≈μ‘‚π‡¡’¬≈ (multinomial logit models for ordinal

responses) ·≈– Agresti, 2002 ¬—ß‰¥â ‡√’¬°°≈ÿà¡¢Õßμ—«·∫∫

‡À≈à“π’È√«¡Ê «à“ μ—«·∫∫‚≈®‘∑ ”À√—∫μ—«·ª√μÕ∫ πÕß·∫∫¡—≈μ‘-

‚π‡¡’¬≈ (logit models for multinomial responses)

´÷Ëß·μà≈–μ—«·∫∫®–·μ°μà“ß°—π„π√“¬≈–‡Õ’¬¥μ“¡‡ß◊ËÕπ‰¢·≈–

¢âÕμ°≈ß (assumptions) ¢Õßμ—«·∫∫

„Àâ Y
ik 
·∑πμ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡®”π«π k °≈ÿà¡ ∑’Ë¡’

y
ik 
·∑π§à“ —ß‡°μ∑’Ë i (i = 1, 2, . . ., n) ·≈–¡’√–¥—∫∑’Ë k (k = 1, 2,

. . ., K) ‚¥¬§à“ —ß‡°μ∑’Ë y
ik
= 1 ‡¡◊ËÕ§à“ —ß‡°μπ—ÈπÕ¬Ÿà„π√–¥—∫∑’Ë k

·≈– y
ik
= 0 Õ◊ËπÊ ¥—ßπ—Èπ      y

ik
 = n ·≈– “¡“√∂®—¥ Y

ik

„ÀâÕ¬Ÿà„π√Ÿª¢Õß‡«°‡μÕ√å Y
i
 = (Y

i1
, . . ., Y

ik
)û ‚¥¬∑’Ë —¥ à«π¢Õß

μ—«·ª√μÕ∫ πÕß∑’Ë k §◊Õ p
ik
 = E(Y

ik
),        p

ik
 = 1 ¥—ßπ—Èπ

‡«°‡μÕ√å ÿà¡ Y
i
 ¡’°“√·®°·®ß·∫∫¡—≈μ‘‚π‡¡’¬≈¥â«¬‡«°‡μÕ√å —¥ à«π

§«“¡πà“®–‡ªìπ p
i
 = (p

i1
, . . ., p

iK
)û

 ¡¡μ‘„Àâ§à“ —ß‡°μ y
ik 
·μà≈–Àπà«¬¡’‡«°‡μÕ√å¢Õßμ—«·ª√

Õ∏‘∫“¬ x
i
 = (x 

i1
, . . ., x

iq
)û ·≈–Õ“»—¬øíß°å™—π‡™◊ËÕ¡‚¬ß (link functions)

∑’Ë¡’∑“ß‡≈◊Õ° ”À√—∫μ—«·∫∫‰¥âÀ≈“¬·∫∫ ‚¥¬¡’√Ÿª∑—Ë«‰ª¥—ßπ’È

                                   ”À√—∫ k = 1, . . ., K-1

μ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑∑’Ë Y ¡’ K °≈ÿà¡À√◊Õ K √–¥—∫

¡’°√≥’æ‘‡»…μà“ßÊ ‡™àπ μ—«·∫∫∑’ËÕ“»—¬øíß°å™—π‡™◊ËÕ¡‚¬ß·∫∫‚≈®‘∑

(Logit link functions) (Agresti, 2002) ∑’Ëπ‘¬¡„™â∑—Ë«‰ª ¥—ßμ—«·∫∫

μàÕ‰ªπ’È

μ—«·∫∫‚≈®‘∑¢Õß°≈ÿà¡ª√–™‘¥ (The adjacent categories logit

model) (Goodman, 1983; Anderson, 1984) §◊Õ

...(1)

μ—«·∫∫‚≈®‘∑ – ¡ (The cumulative logit model)(Walker &

Duncan, 1967; McCullagh & Nelder, 1989) §◊Õ

...(2)

μ—«·∫∫‚≈®‘∑¢Õß°≈ÿà¡μ‘¥μàÕ°—π‰ª (The continuation logit

model)(Fienberg, 1980; Agresti, 1990) §◊Õ

...(3)

μ—«·∫∫ The proportional odds ratio (McCullagh, 1980)

...(4)

μ—«·∫∫ The proportional odds ratio with two-factor

interaction (Pongsapukdee & Sukgumphaphan, 2007)

...(5)

‚¥¬∑’Ë k = 1, 2,..., K-1, i = 1, 2,...n ‡¡◊ËÕ„™âμ—«·ª√ Xûs ®”π«π

2 μ—«·ª√

K
k 1

K
k 1

Lik = Lik(pi) = k + xi   

Lik = log (pi,k+1/pik) = k + xi   

Lik = log 
iki

iKki

pp

pp

...

...,

1

1
= k + xi  

Lik = log 
iki

ki

pp

p

...
,

1

1
= k + xi   

log
iki

iKki

pp

pp

...

...,

1

1
   = k + xi   
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°“√»÷°…“ ¡∫—μ‘ (properties) ¢Õßμ—«·∫∫μà“ßÊ ¿“¬„μâμ—«·ª√

μÕ∫ πÕß·≈–μ—«·ª√Õ∏‘∫“¬ ®–‡ªìπª√–‚¬™πåμàÕ°“√ √â“ßμ—«·∫∫

‡™‘ß ∂‘μ‘·≈–°“√«‘π‘®©—¬º≈≈—æ∏å¢Õßμ—«·∫∫ ‡ªìπ°“√»÷°…“«‘®—¬

·∫∫æ◊Èπ∞“π„π∑“ß∑ƒ…Æ’¢Õßμ—«·∫∫ ™à«¬„Àâ “¡“√∂°”Àπ¥

¢π“¥μ—«Õ¬à“ß·≈–μ—¥ ‘π„®‡≈◊Õ°μ—«·∫∫∑’Ë§«√„™â ‰¥â„°≈â‡§’¬ß·≈–

∂Ÿ°μâÕßμ“¡≈”¥—∫ ‡æ◊ËÕμ√«® Õ∫Õ‘∑∏‘æ≈μà“ßÊ À√◊Õæ¬“°√≥å

‡Àμÿ°“√≥å∑’Ë π„®Õ¬à“ß¡’‡Àμÿº≈ ´÷Ëß‚¥¬∑—Ë«‰ª‡ªìπ§”∂“¡∑’Ë‡°‘¥¢÷Èπ

„π™’«‘μ®√‘ß„π —ß§¡ ‡™àπ °“√®—¥ ∂“π¿“æ¢Õßæ◊™À√◊ÕÕ“À“√

„ÀâÕ¬Ÿà „πª√–‡¿∑¥’¡“° ¥’ ª“π°≈“ß æÕ„™â ‰¡à¥’ Õ—πμ√“¬

°“√«‘π‘®©—¬À√◊Õ®—¥√–¥—∫§π‰¢â∑’Ë‡ªìπ‚√§Àπ÷Ëß„ÀâÕ¬Ÿà„π¢—ÈπÀπ—° ¢—Èπ

ª“π°≈“ß ¢—Èπ‡√‘Ë¡μâπ À√◊Õª°μ‘ À≈—°∑√—æ¬å∫“ßμ—«∂Ÿ°∏π“§“√™“μ‘

®—¥„ÀâÕ¬Ÿà„π√–¥—∫ Ÿß ª“π°≈“ß·≈–Õπÿ≠“μ„Àâ¥”‡π‘π°“√μàÕ‰ª‰¥â

·μà∫“ßμ—«∂Ÿ°∏π“§“√™“μ‘ —Ëßªî¥ ∫√‘…—∑º≈‘μ¬“¶à“·¡≈ß∑’ËμâÕß°“√

°”Àπ¥√–¥—∫§«“¡‡¢â¡¢âπÕ¬à“ßπâÕ¬‡∑à“‰√®÷ß “¡“√∂¶à“·¡≈ß‰¥â

80%, 90%, À√◊Õ 100% °“√»÷°…“‡∑§π‘§·∫∫„¥À√◊ÕÕß§åª√–°Õ∫

·∫∫„¥∑’Ëæ∫«à“¡’Õ‘∑∏‘æ≈μàÕÕß§å°√À√◊Õ∫ÿ§≈“°√ ·≈–π”¡“®”·π°

Õß§å°√À√◊Õ∫ÿ§≈“°√ „ÀâÕ¬Ÿà„π√–¥—∫¥’¡“° ª“π°≈“ß À√◊Õ ≈â¡‡À≈«

°“√‡ªìπ‚√§¡–‡√Áß‚ μπ“ ‘°Õ“®‡°’Ë¬«¢âÕß°—∫°“√„™â¡◊Õ∂◊Õ

§«“¡‡§√’¬¥ Õ“™’æ °√√¡æ—π∏ÿå ‡æ»  ‘Ëß·«¥≈âÕ¡ À√◊Õ Õ◊ËπÊ œ≈œ

‡À≈à“π’È≈â«πμâÕß°“√„™âμ—«·∫∫‡™‘ß ∂‘μ‘™à«¬À“¢âÕ √ÿª

μ—«·∫∫‡™‘ß ∂‘μ‘„π°≈ÿà¡¢Õßμ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑„π

√Ÿª·∫∫Àπ÷ËßÊ ®–™à«¬μÕ∫§”∂“¡¢â“ßμâπ‰¥â§àÕπ¢â“ß –¥«°  “¡“√∂

∑√“∫§«“¡·¡àπ¬”·≈–√âÕ¬≈–¢Õß°“√®”·π°°≈ÿà¡∂Ÿ°μâÕß ·μà

°“√„™âμ—«·∫∫„¥Õ¬à“ß‡À¡“– ¡ μâÕßæ‘®“√≥“®“°À≈“¬¥â“π ‡™àπ

¥â“π¢âÕ¡Ÿ≈ ≈—°…≥–°“√·®°·®ßμ—«Õ¬à“ß‡™àπ¢Õß —¥ à«π∑’Ë π„®

(based rate, Menard, 1995) μ—« ∂‘μ‘∑’Ë«—¥¿“«– “√Ÿª¥’μà“ßÊ œ≈œ

·≈–¬—ßμâÕß°“√°“√»÷°…“«‘®—¬‡æ‘Ë¡‡μ‘¡Õ¬à“ß‰¡àÀ¬ÿ¥¬—Èß ‡æ◊ËÕÀ“

 “√ π‡∑»‰¥âμ√ß°—∫∑’ËμâÕß°“√ À≈—°‡°≥±å‡∫◊ÈÕßμâπ∑’Ë„™â„πªí®®ÿ∫—π

æ‘®“√≥“®“°§«“¡π‘¬¡·≈–≈—°…≥–¢Õß¢Õßμ—«·ª√μÕ∫ πÕß

«à“¡’≈—°…≥–‡™‘ß°≈ÿà¡·∫∫„¥ ‰¥â·°à ·∫∫·∫àß°≈ÿà¡ (nominal) ·∫∫

¡’≈”¥—∫ (ordinal) ·∫∫™à«ß (interval) ≈—°…≥–°“√·®°·®ß

§«“¡πà“®–‡ªìπ¢Õßμ—«·ª√μÕ∫ πÕß ·≈–‡∑§π‘§°“√ √â“ßμ—«·∫∫

‡™‘ß ∂‘μ‘®–·μ°μà“ß°—π¿“¬„μâ°“√·®°·®ß¢Õßμ—«·ª√μÕ∫ πÕß

·∫∫‡™‘ß°≈ÿà¡‡™àπ Bernoulli, Binomial, Negative binomial,

Poisson, Multinomial œ≈œ √«¡∑—Èß°“√‡≈◊Õ°„™âμ—«·ª√Õ∏‘∫“¬μà“ßÊ

(Aitkin et al., 1989) ‡™àπ °“√®”·π°°≈ÿà¡∑’Ë π„®¿“¬„μâμ—«·ª√

μÕ∫ πÕß·∫∫‡™‘ß°≈ÿà¡·∫∫ Õß°≈ÿà¡ Õ“®„™âμ—«·∫∫‚≈®‘∑∑—Èß

·∫∫ßà“¬·≈–·∫∫ —́∫´âÕπ (simple or more complex logit

models, Pongsapukdee, 2006) ·≈–Õ“® π„®»÷°…“‡©æ“–

μ—«·∫∫ (1)-(5) ‡ªìπμ—«·∫∫∑’Ë„™âøíß°å™—π‡™◊ËÕ¡‚¬ß·∫∫‚≈®‘∑

(logit link function) πÕ°®“°π’È¬—ß¡’øíß°å™—π‡™◊ËÕ¡‚¬ß·∫∫Õ◊ËπÊ

∑’Ëπà“ π„®π”¡“„™â‡ªìπ∑“ß‡≈◊Õ°¢Õßøíß°å™—π‡™◊ËÕ¡‚¬ß·∑π·∫∫‚≈®‘∑

π—Ëπ§◊Õ øíß°å™—π‡™◊ËÕ¡‚¬ß·∫∫‚æ√∫‘∑ (probit link function) øíß°å™—π

‡™◊ËÕ¡‚¬ß·∫∫§Õ¡æ≈’‡¡π∑“√’≈ÁÕ°-≈ÁÕ° (complementary-log-log

link function) ∂â“‡ªìπ°√≥’μ—«·ª√μÕ∫ πÕß·∫∫¡’≈”¥—∫ ·≈–

 —¥ à«π¢Õßμ—«·ª√μÕ∫ πÕß¡’≈—°…≥– ¡¡“μ√·≈â« ‡√“Õ“® π„®

‡≈◊Õ°„™âμ—«·∫∫‚æ√∫‘∑„π√Ÿª·∫∫ ‡™àπ

μ—«·∫∫‚æ√∫‘∑ – ¡ (The cumulative probit models) (Agresti,

2002)

...(6)

‚¥¬∑’Ë (.) §◊Õ øíß°å™—π°“√·®°·®ß – ¡·∫∫ª°μ‘ (The normal

cumulative distribution function)

∑”πÕß‡¥’¬«°—π°—∫øíß°å™—π‚æ√∫‘∑ ‡√“Õ“®„™âøíß°å™—π

‡™◊ËÕ¡‚¬ß·∫∫§Õ¡æ≈’‡¡π∑“√’≈ÁÕ°-≈ÁÕ° ´÷Ëß„™â„π ∂“π°“√≥å∑’Ë

·μ°μà“ß°—πÕÕ°‰ª§◊Õ „™â„π°√≥’Ë —¥ à«π¢Õßμ—«·ª√μÕ∫ πÕß¡’

≈—°…≥–‰¡à ¡¡“μ√ ‡™àπ ¡’≈—°…≥–∑’ËÕÕ°®“° 0 ™â“Ê ·μà‡¢â“„°≈â

1 Õ¬à“ß√«¥‡√Á« À√◊ÕÕÕ°®“° 1 ™â“Ê ·μà‡¢â“„°≈â 0 §àÕπ¢â“ß√«¥‡√Á«

∂â“μ—«·ª√μÕ∫ πÕß‡ªìπ·∫∫¡’≈”¥—∫ ‡√“Õ“® π„®‡≈◊Õ°„™âμ—«·∫∫

∑“ß‡≈◊Õ°‡™àπ

μ—«·∫∫§‘«¡Ÿ‡≈∑‘ø§Õ¡æ≈’‡¡π∑“√’≈ÁÕ°-≈ÁÕ° (The cumulative

complementary-log-log models) (Agresti, 2002)

(7)

‚¥¬∑’Ë∑ÿ°μ—«·∫∫¢â“ßμâπ p
i
 = p

i
( ) ‡¡◊ËÕ û = ( û, û)

μ—«·∫∫ (1) - (7) ·≈–μ—«·∫∫‚≈®‘∑Õ◊ËπÊ „πªí®®ÿ∫—π¡’∑’Ë„™â

„π°“√«‘‡§√“–Àå¢âÕ¡Ÿ≈§àÕπ¢â“ß·æ√àÀ≈“¬ ¡’≈—°…≥–‡ªìπμ—«·∫∫

‡™‘ß ∂‘μ‘‚¥¬μ√ß (statistical models) „™â ”À√—∫«‘‡§√“–Àå·≈–

ª√–‡¡‘πº≈¢âÕ¡Ÿ≈‡æ◊ËÕ»÷°…“Õ‘∑∏‘æ≈¢Õßªí®®—¬À√◊Õμ—«·ª√Õ∏‘∫“¬

(explanatory variables) ∑’Ë π„®μà“ßÊ «à“®–¡’Õ‘∑∏‘æ≈‡™‘ß ∂‘μ‘

μàÕμ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡ (categorical response) À√◊Õ‰¡à

Õ¬à“ß‰√ ∂â“¡’Õ‘∑∏‘æ≈®–‡ªìπÕ‘∑∏‘æ≈·∫∫„¥ ¢π“¥„¥ ·≈–‡ªìπ

Õ‘∑∏‘æ≈À≈—°À√◊ÕÕ‘∑∏‘æ≈√à«¡ μ≈Õ¥®π π„®‡≈◊Õ°μ—«·∫∫‡™‘ß ∂‘μ‘

∑’Ë “¡“√∂π”‰ª®”·π°À√◊Õæ¬“°√≥å°≈ÿà¡¢Õßμ—«·ª√μÕ∫ πÕß

‰¥â∂Ÿ°μâÕßÕ¬à“ß¡’ª√– ‘∑⁄∏‘¿“æ∑“ß ∂‘μ‘ „π∑“ßªÆ‘∫—μ‘Õ“® π„®

®”·π°º≈≈—æ∏åÀ√◊Õæ¬“°√≥å°≈ÿà¡¢Õß‡Àμÿ°“√≥å«à“‡ªìπª√–‡¿∑„¥

‡™àπ ª√– ∫§«“¡ ”‡√Á® ‰¡àª√– ∫§«“¡ ”‡√Á® À√◊Õ „Àâº≈≈—æ∏å

√–¥—∫¥’¡“° ª“π°≈“ß ·¬à À√◊Õ ¡’°“√§«∫§ÿ¡§ÿ≥¿“æ‰¥â„π√–¥—∫ Ÿß

°≈“ß μË” œ≈œ

 Lik  = 
-1
(pi,k+1+ . . .+piK) =  k + xi   

 Lik  = log -log(pi,k+1+ . . .+ piK)  = k + xi  

«’√“π—π∑å  æß»“¿—°¥’  ·≈–  ÿ®‘πμå   ÿ¢°ÿ¡¿“æ—π∏å / «“√ “√«‘∑¬“»“ μ√å∫Ÿ√æ“. 13 (2551) 2 : 11-2414



‰ª Ÿà°“√„™âμ—«·∫∫μàÕ‰ª Kass & Vaidyanathan (1992) ‰¥â

»÷°…“§«“¡‰« (sensitivity)  ”À√—∫°“√∑¥ Õ∫§«“¡‡∑à“°—π¢Õß

 —¥ à«π·∫∫∑«‘π“¡ ‡©æ“–°√≥’∑’Ë¢π“¥μ—«Õ¬à“ß√–À«à“ß°≈ÿà¡

‡∑à“°—π·≈– log odds ratio = 0 æ∫«à“°“√‡ª≈’Ë¬π§à“æ“√“¡‘‡μÕ√å

Prior ¢Õßμ—« ∂‘μ‘∑¥ Õ∫·∫∫‡∫¬å‡æ’¬ß‡≈Á°πâÕ¬ º≈¢Õß°“√

∑¥ Õ∫‰¡à‡ª≈’Ë¬π·ª≈ß Molenberghs, et al. (2001) »÷°…“

°“√«‘‡§√“–Àå§«“¡‰« ”À√—∫μ“√“ß°“√≥å®√∑’Ë ‰¡à ¡∫Ÿ√≥åÕ—π

‡π◊ËÕß®“°¢âÕ¡Ÿ≈∑’Ë‰¡à§√∫·∫∫ ÿà¡ (missing at random) À√◊Õ

‡π◊ËÕß®“°¢âÕ¡Ÿ≈‰¡à§√∫·∫∫ ÿà¡ ¡∫Ÿ√≥å (missing completely at

random) ‚¥¬‡ πÕ«‘∏’«‘‡§√“–Àå∑’Ë‡ª√’¬∫‡∑’¬∫°—∫«‘∏’·∫∫‡¥‘¡

·≈–ª√–¬ÿ°μå°—∫¢âÕ¡Ÿ≈®√‘ß ́ ÷Ëß‰¥âº≈πà“æÕ„® Saltelli, et al. (2000)

»÷°…“°“√«‘‡§√“–Àå§«“¡‰«∑’Ë„™â ”À√—∫μ—«·ª√μàÕ‡π◊ËÕß·μàπ”¡“

„™â°—∫μ—«·ª√‰¡àμàÕ‡π◊ËÕß æ∫«à“¬—ß¡’ª√–‚¬™πå„π°“√ª√–‡¡‘πμ—«·∫∫

„Àâ™—¥‡®π¢÷Èπ¥â“π°“√¬◊π¬—πμ—«·∫∫ (model corroboration)

°“√À“μ—«·∫∫·≈–°“√®”·π°°≈ÿà¡ (model identification and

discrimination) ·≈–°“√‡∑’¬∫μ—«·∫∫ (model calibration)

 à«πß“π«‘®—¬Õ◊ËπÊ ∑’Ë‡°’Ë¬«¢âÕß°—∫μ—«·∫∫ GLMs ‡™àπ Cole et al.

(2004) ‰¥â»÷°…“μ—«·∫∫ GLMs „π√Ÿª·∫∫¢Õß Cumulative Odds

Ratios ∑’Ë‰¡à¢÷ÈπÕ¬Ÿà°—∫¢âÕ ¡¡μ‘«à“ Õ‘∑∏‘æ≈¢Õßμ—«·ª√Õ∏‘∫“¬∑’Ë¡’

μàÕμ—«·ª√μÕ∫ πÕß¢Õß·μà≈–°≈ÿà¡‡∑à“°—π (homogeneous

across thresholds of ordered response) æ∫«à“μ—«ª√–¡“≥

¡’ ¡∫—μ‘¢Õß§«“¡‰¡à‡Õπ‡Õ’¬ß·≈–„Àâ§à“ 95% ™à«ß‡™◊ËÕ¡—Ëπ

 ”À√—∫æ“√“¡‘‡μÕ√å‰¥â‡À¡“– ¡ ·≈– Paul & Deng (2000) ‰¥â

‡ª√’¬∫‡∑’¬∫¿“«– “√Ÿª¥’  ”À√—∫μ—«·∫∫ GLMs ¿“¬„μâμ—« ∂‘μ‘

∑¥ Õ∫ Deviance or likelihood ratio ·≈– Modified Pearson

statistic æ∫«à“„Àâº≈≈—æ∏å¥’„π‡∑Õ¡¢Õß°”≈—ß°“√∑¥ Õ∫  à«π

Pongsapukdee
 
& Kumsri (2006) »÷°…“μ—« ∂‘μ‘ ¿“«– “√Ÿª¥’

¢Õßμ—«·∫∫‚≈®‘∑·∫∫ Õß°≈ÿà¡ (binary response) ∑’Ë¡’‡©æ“–

Õ‘∑∏‘æ≈À≈—° æ∫«à“μ—« ∂‘μ‘ —¡ª√– ‘∑∏‘Ï°“√°”Àπ¥∑’Ë§”π«≥®“°

øíß°å¿“«–πà“®–‡ªìπ Ÿß ÿ¥„™â ‰¥â¥’ ”À√—∫μ—«·∫∫‚≈®‘∑¥—ß°≈à“«

·≈–μàÕ¡“ Pongsapukdee
 
& Sukgumphaphan (2007)

»÷°…“¿“«– “√Ÿª¥’¢Õßμ—«·∫∫‚≈®‘∑·∫∫ “¡°≈ÿà¡·∫∫¡’≈”¥—∫

∑’Ëª√–°Õ∫¥â«¬Õ‘∑∏‘æ≈À≈—°·≈–Õ‘∑∏‘æ≈√à«¡ æ∫«à“‡¡◊ËÕ°“√

·®°·®ß¢Õßμ—«·ª√μÕ∫ πÕß¡’ —¥ à«π∑’Ë¡’¡’·π«‚πâ¡ μ—«·∫∫

®–„Àâ°”≈—ß°“√∑¥ Õ∫ Ÿß ·≈–‡¡◊ËÕμ—«·ª√μÕ∫ πÕß¡’ —¥ à«π

‡ªìπ·∫∫ ¡¡“μ√ μ—«·∫∫¬—ß„Àâ°”≈—ß°“√∑¥ Õ∫ Ÿß‡©æ“–‡¡◊ËÕ

 —¥ à«π°“√·®°·®ß¢Õßμ—«·ª√Õ∏‘∫“¬¡’≈—°…≥– ¡¡“μ√¥â«¬ ·≈–

§«√„™âμ—«Õ¬à“ß¢π“¥„À≠à‡ ¡Õ‡¡◊ËÕ≈—°…≥–°“√·®°·®ß§«“¡

πà“®–‡ªìπ∑—Èß¢Õßμ—«·ª√μÕ∫ πÕß·≈–μ—«·ª√Õ∏‘∫“¬¡’≈—°…≥–

Õ‘∑∏‘æ≈À≈—° (main effects) ‡æ’¬ß∫“ßμ—« À√◊ÕÕ“® π„®Õ‘∑∏‘æ≈√à«¡

(interactions) ¢ÕßÀ≈“¬ªí®®—¬‡¡◊ËÕªí®®—¬‡À≈à“π—Èπ À√◊Õ μ—«·ª√

Õ∏‘∫“¬„πμ—«·∫∫¡’≈—°…≥–‡™‘ß°≈ÿà¡ ‚¥¬‡©æ“–Õ“® π„®°“√

®”·π°°≈ÿà¡À√◊Õ°“√æ¬“°√≥å°≈ÿà¡¢Õßμ—«·ª√μÕ∫ πÕß¥â«¬‡´μ

¢Õßμ—«·ª√Õ∏‘∫“¬∑’Ëπ”‡¢â“¡“»÷°…“„πμ—«·∫∫ (Agresti, 2002)

Õ¬à“ß‰√°Áμ“¡„πªí®®ÿ∫—π∂÷ß·¡â‡√“ “¡“√∂„™âÀ√◊Õ √â“ßμ—«·∫∫

‚æ≈‘‚§‚∑¡— ‚≈®‘∑‰¥â –¥«°¢÷Èπ‚¥¬Õ“»—¬‚ª√·°√¡ ”‡√Á®√Ÿª∑“ß ∂‘μ‘

·μà°Á¬—ß¡’ªí≠À“¢Õß°“√μ√«® Õ∫§«“¡‡À¡“– ¡¢Õßμ—«·∫∫

ªí≠À“°“√‡≈◊Õ°μ—«·∫∫∑’ËμâÕß¢÷ÈπÕ¬Ÿà°—∫°“√∑¥ Õ∫¿“«– “√Ÿª¥’

(goodness of fit) ¢Õßμ—«·∫∫μà“ßÊ (Paul and Deng, 2000;

Pongsapukdee
 
& Kumsri, 2006; Pongsapukdee &

Sukgumphaphan, 2007) ªí≠À“·≈–¢âÕ√–¡—¥√–«—ß‡°’Ë¬«°—∫

ª√– ‘∑∏‘¿“æ¢Õßμ—« ∂‘μ‘¿“«– “√Ÿª¥’ (Liao & McGee, 2003)

ªí≠À“°“√ª√–‡¡‘πμ—«·∫∫·≈–§«“¡ —¡æ—π∏å√–À«à“ßμ—«·ª√¥â«¬

«‘∏’μà“ßÊ (Menard, 2000; Agresti, 2002) ¿“¬„μâ¢π“¥μ—«Õ¬à“ß

∑’ËæÕ‡À¡“–°—∫‡ß◊ËÕπ‰¢¢Õß°“√·®°·®ß¢Õßμ—«·ª√μà“ßÊ (Shieh,

2001) μ≈Õ¥®π≈—°…≥–¢Õßμ“√“ß°“√≥å®√∑’Ë· ¥ß§«“¡ —¡æ—π∏å

¢Õßμ—«·ª√∑’ËÕ“®∑”„Àâ‡°‘¥∫“ß‡´≈¡’¢âÕ¡Ÿ≈πâÕ¬ (sparse) À√◊Õ

‡ªìπ»Ÿπ¬å (Everitt, 1992; Sukgumphaphan & Pongsapukdee,

2008)

πÕ°®“°π’È„πªí®®ÿ∫—π¡’ß“π«‘®—¬„À¡àÊ ∑’Ë π„®»÷°…“‡°’Ë¬«°—∫

§«“¡ “¡“√∂¢Õßμ—«·∫∫„π°“√®”·π°À√◊Õæ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß

‡æ’¬ß‰√ À√◊Õ¡’ª√– ‘∑∏‘¿“æ‡æ’¬ß‰√ ÷́ËßÀ¡“¬√«¡∂÷ß°“√«‘‡§√“–Àå

§«“¡‰«¢Õßμ—«·∫∫‡™‘ß‡ âπ∑’Ë«“ßπ—¬∑—Ë«‰ª‚¥¬μ√ß (Cross &

Beissinger 2001; Kass & Vaidyanathan, 1992; Molenberghs

et al., 2001; Saltelli et al., 2000) Õ¬à“ß‰√°Áμ“¡¬—ß¡’∫“ßª√–‡¥Áπ

∑’ËμâÕß°“√ß“π«‘®—¬§âπ§«â“·≈– π—∫ πÿπ‡æ‘Ë¡‡μ‘¡μàÕ‰ª º≈ß“π

«‘®—¬μà“ßÊ ∑’Ë‡°’Ë¬«¢âÕß‡™àπ¢Õß Cross & Beissinger (2001) ‰¥â

»÷°…“μ—«·∫∫‚≈®’ μ‘°„π°√≥’ 2 °≈ÿà¡‚¥¬°“√«‘‡§√“–Àå§«“¡‰«∑’Ë

æ‘®“√≥“°“√‡ª≈’Ë¬π·ª≈ß¢Õß§«“¡πà“®–‡ªìπ‡¡◊ËÕμ—«·ª√Õ∏‘∫“¬

‡ª≈’Ë¬π·ª≈ß‰ª„π√Ÿª¢Õß —¡ª√– ‘∑∏‘Ï°“√∂¥∂Õ¬¡“μ√∞“π

(standardized regression coefficients) æ∫«à“ ∂â“μ—«·ª√

Õ∏‘∫“¬‡ªìπ·∫∫μàÕ‡π◊ËÕß‰¡à§«√„™â‡∑Õ¡Õ‘∑∏‘æ≈√à«¡ ‡π◊ËÕß®“°

‡∑Õ¡¢Õß —¡ª√– ‘∑∏‘Ï°“√∂¥∂Õ¬¡“μ√∞“π∫Õ°Õ‘∑∏‘æ≈¢Õß

μ—«·ª√Õ‘ √–μ—«Àπ÷Ëß∑’Ë‡ª≈’Ë¬π·ª≈ß‰ª ‡¡◊ËÕμ—«·ª√Õ‘ √–∑’Ë‡À≈◊Õ

‡ªìπÕ‘ √–μàÕ°—πÀ√◊Õ‡ª≈’Ë¬π·ª≈ß‡™‘ß ÿà¡π—Ëπ‡Õß ·μà∂â“μ—«·ª√

Õ∏‘∫“¬‡ªìπ·∫∫‡™‘ß°≈ÿà¡ ·≈– π„®»÷°…“∑—ÈßÕ‘∑∏‘æ≈À≈—°·≈–

Õ‘∑∏‘æ≈√à«¡ ®– “¡“√∂ª√–‡¡‘π‡∑Õ¡Õ‘∑∏‘æ≈√à«¡‰¥â¥’ ¿“¬„μâ

μ—«·∫∫∑’Ë‡≈◊Õ°„Àâ‡À¡“– ¡ (McCarthy, et al., 1996) ·≈–π”
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1.2 ¢Õ∫‡¢μ¢Õß°“√«‘®—¬

ß“π«‘®—¬π’È π„®»÷°…“º≈≈—æ∏å∑“ß∑ƒ…Æ’·≈– ¡∫—μ‘¢Õß

μ—«·∫∫‡™‘ß ∂‘μ‘ ¿“¬„μâμ—«·∫∫∑’Ë¢¬“¬º≈≈—æ∏å¢Õßμ—«·ª√μÕ∫ πÕß

2 °≈ÿà¡ (dichotomous) ‡ªìπ·∫∫ 3 °≈ÿà¡ (trichotomous) ¥â«¬

«‘∏’°“√®”≈Õß·∫∫¢âÕ¡Ÿ≈¥â«¬§Õ¡æ‘«‡μÕ√å ª√–°Õ∫¥â«¬°“√·®°·®ß

¢Õßμ—«·ª√μÕ∫ πÕß Y~ multinomial (p
1
, p

2
, p

3
) ∑’Ë¡’§«“¡

πà“®–‡ªìπ 4 ·∫∫ ·≈–μ—«·ª√Õ∏‘∫“¬ (X1, X2) ~ multinomial

(
1
, 

2
, 

3
, 

4
) ∑’Ë¡’§«“¡πà“®–‡ªìπ 3 ·∫∫ μ≈Õ¥®π°“√„™â°“√

·®°·®ß¢Õßμ—«·ª√ ÿà¡ u~uniform (0, 1) ·∫∫μàÕ‡π◊ËÕß ¿“¬„μâ

¢π“¥μ—«Õ¬à“ß 4 ¢π“¥§◊Õ 600, 800, 1,000 ·≈– 1,500 Àπà«¬

·≈–¢π“¥¢ÕßÕ‘∑∏‘æ≈√à«¡√–À«à“ßμ—«·ª√Õ∏‘∫“¬∑’Ë°”Àπ¥¢π“¥

μ—Èß·μà 0-4.5 ‚¥¬§à“‡æ‘Ë¡¢÷Èπ∑’≈– 0.3 √«¡∑—Èß ‘Èπ¡’ (4 x 3 x 4 x

16) = 768 ‡ß◊ËÕπ‰¢ „π·μà≈–‡ß◊ËÕπ‰¢∑” È́” 1,000 §√—ÈßÊ ≈–

4 μ—«·ª√Ê ≈– ni, i=1, ..., 4. ‡¡◊ËÕ ni ·∑π¢π“¥μ—«Õ¬à“ß 4 ¢π“¥

§◊Õ 600, 800, 1,000 ·≈– 1,500 Àπà«¬ μ—«·∫∫∑’Ë„™â§◊Õ

Trichotomous logit model À√◊Õ proportional odds ratio

model ∑’Ë¡’ 3 °≈ÿà¡ (K=3) ·≈–¡’‡∑Õ¡¢ÕßÕ‘∑∏‘æ≈À≈—° °—∫μ—«·∫∫

∑’Ë‡æ‘Ë¡‡∑Õ¡¢ÕßÕ‘∑∏‘æ≈√à«¡¢Õß Õßμ—«·ª√ (8)-(9) μ“¡≈”¥—∫

μ—«·∫∫ Trichotomous logit model

...(8)

μ—«·∫∫ Trichotomous logit model with two-factor-

interaction

...(9)

‚¥¬∑’Ë  —¥ à«π¢Õß Y
ik
 §◊Õ p

ik
 = E(Y

ik
),         p

ik
 =1, Y

ik 
·∑π

μ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡ (categorical response variable)

∑’Ë¡’ 3 °≈ÿà¡ ·≈– y
ik 
·∑π§à“ —ß‡°μ∑’Ë i, i = 1, 2, . . ., n „π√–¥—∫∑’Ë

k, k=1, 2, ..., K, K=3  ‚¥¬∑’Ë y
ik
= 1 ‡¡◊ËÕ§à“ —ß‡°μπ—ÈπÕ¬Ÿà„π√–¥—∫∑’Ë

k ·≈– y
ik
= 0 °√≥’Õ◊ËπÊ ¥—ßπ—Èπ         y

ik
 = n ·≈– “¡“√∂®—¥

Y
ik
 „ÀâÕ¬Ÿà„π√Ÿª‡«°‡μÕ√å Y

i
= (Y

i1
, . . ., Y

ik
)û ·≈– Y

i
 ¡’°“√·®°·®ß

·∫∫¡—≈μ‘‚π‡¡’¬≈¥â«¬‡«°‡μÕ√å —¥ à«π p
i
=(p

i1
, . . ., p

iK
)û.

∑’Ë‰¡à ¡¡“μ√ μ≈Õ¥®π Lipsitz et al. (1996) ‰¥â»÷°…“μ—« ∂‘μ‘

∑¥ Õ∫¿“«– “√Ÿª¥’ 3 μ—« §◊Õ μ—« ∂‘μ‘Õ—μ√“ à«π¿“«–πà“®–‡ªìπ

(likelihood ratio statistic) μ—« ∂‘μ‘ °Õ√å (score statistic)

·≈–μ—« ∂‘μ‘«“≈¥å (Waldûs statistic)  ”À√—∫μ—«·∫∫∑“ß‡≈◊Õ°

¢Õßμ—«·∫∫ GLMs æ∫«à“μ—« ∂‘μ‘ °Õ√å·≈–μ—« ∂‘μ‘Õ—μ√“ à«π

¿“«–πà“®–‡ªìπ ¡’§«“¡‡ ∂’¬√¡“°°«à“μ—« ∂‘μ‘«“≈¥å ‚¥¬«—¥®“°

°”≈—ß°“√∑¥ Õ∫ ¿“¬„μâ°“√®”≈Õß·∫∫·μà≈–‡ß◊ËÕπ‰¢ 400 §√—Èß

πÕ°®“°π’È Holtbrugge & Schumacher (1991) »÷°…“μ—«·∫∫

‚≈®’ μ‘°∑’Ë¡’μ—«·ª√Õ∏‘∫“¬À≈“¬μ—«·ª√·μà‡ªìπ·∫∫μàÕ‡π◊ËÕß

Õ¬à“ß‡¥’¬«∑ÿ°μ—«·ª√ ‚¥¬„™â°“√·®°·®ßμà“ß°—π ·≈–‡ª√’¬∫‡∑’¬∫

μ—«·∫∫ Proportional Odds models ¥â«¬‡∑Õ¡ Significance

¢Õß Waldûs test ·≈– Likelihood ratio test æ∫«à“¡’§«“¡

‡Õπ‡Õ’¬ß¢Õßμ—«ª√–¡“≥æ“√“¡‘‡μÕ√åπâÕ¬°«à“μ—«·∫∫‚≈®’ μ‘°

Õ’°√Ÿª·∫∫Àπ÷Ëß§◊Õμ—«·∫∫ Stereotype model (Anderson, 1984)

·μàμ—«·∫∫À≈—ß¡’¿“«– “√Ÿª¥’°—∫¢âÕ¡Ÿ≈‰¥â¥’¢÷Èπ‡¡◊ËÕ¡’°“√√«¡°≈ÿà¡

¢Õßμ—«·ª√‡™‘ß°≈ÿà¡‡¢â“¥â«¬°—π (amalgamation of categories)

®“°ß“π«‘®—¬¢â“ßμâπ  à«π„À≠à»÷°…“μ—«·∫∫¿“¬„μâμ—«·ª√

μÕ∫ πÕß·∫∫ 2 °≈ÿà¡ ·≈–»÷°…“μ—« ∂‘μ‘‡æ’¬ßμ—«Àπ÷Ëßμ—«„¥

À√◊Õ∫“ßμ—«  à«π°“√μ√«® Õ∫μ—«·∫∫„™âμ—« ∂‘μ‘∑’Ë·μ°μà“ß°—π

À√◊Õ„™â´È”°—π∫â“ß ·μà¬—ß‰¡à¡’°“√»÷°…“°“√«‘‡§√“–Àå§«“¡‰«¥â«¬

‡∑Õ¡¢Õß°“√®”·π°°≈ÿà¡‰¥â∂Ÿ°μâÕß¢Õßμ—«·∫∫ ß“π«‘®—¬π’È®÷ß

 π„®μ√«® Õ∫ª√– ‘∑∏‘º≈¢Õßμ—«·∫∫¥â“π°“√«‘‡§√“–Àå§«“¡‰«

¢Õß°“√®”·π°°≈ÿà¡‰¥â∂Ÿ°μâÕß ¥â«¬μ—«·∫∫∑’Ë¡’°“√·®°·®ß¢Õß

μ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡·∫∫À≈“¬°≈ÿà¡À√◊Õ‚æ≈‘‚§‚∑¡— ∑’Ë‡ªìπ

·∫∫¡’≈”¥—∫ æ√âÕ¡°—∫»÷°…“μ—« ∂‘μ‘ Likelihood ratio statistic

μ—« ∂‘μ‘ Generalized Coefficients of Determination (Menard,

2000) μ—« ∂‘μ‘ Bayesianûs Information Criteria (Schwarz,

1978; Burnham et al., 1994) μ—« ∂‘μ‘ Akaike Information

Criteria (Akaike, 1973) μ≈Õ¥®πμ—« ∂‘μ‘ PCC (Percentage

of Correct Classification) ‡æ◊ËÕμ√«®¥Ÿ§«“¡ Õ¥§≈âÕß°—π

¢Õßμ—« ∂‘μ‘μà“ßÊ ‚¥¬»÷°…“°√≥’∑’Ëμ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡

·∫∫¡’≈”¥—∫ 3 °≈ÿà¡ ·≈–μ—«·ª√Õ∏‘∫“¬‡™‘ß°≈ÿà¡·∫∫ ·∫àß°≈ÿà¡

‰¡à¡’≈”¥—∫ (nominal) 2 μ—«·ª√ ¿“¬„μâμ—«·∫∫‚æ≈‘‚§‚∑

¡— ‚≈®‘∑∑’Ë¡’‡æ’¬ßÕ‘∑∏‘æ≈À≈—° ·≈–μ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑∑’Ë¡’

∑—ÈßÕ‘∑∏‘æ≈À≈—°·≈–Õ‘∑∏‘æ≈√à«¡ Õßμ—«·ª√

1.1 «—μ∂ÿª√– ß§å¢Õß°“√«‘®—¬

‡æ◊ËÕ«‘‡§√“–Àå§«“¡‰«„π°“√æ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß¥â«¬

μ—«·∫∫‚æ≈‘‚§‚∑¡— ‚≈®‘∑∑’Ë¡’μ—«·ª√μÕ∫ πÕß·∫∫¡’≈”¥—∫·≈–

μ—«·ª√Õ∏‘∫“¬·∫∫¡—≈μ‘‚π‡¡’¬≈∑’Ë¡’Õ‘∑∏‘æ≈√à«¡¿“¬„μâ≈—°…≥–

°“√·®°·®ß·≈–æ“√“¡‘‡μÕ√å·∫∫μà“ßÊ

log
 ... 

, ...

i1 ik

i k 1 i3

p p

p p 1 1 2 2 , 1, 2,k i ix x k

1,2,..., .i n

log
 ... 

, ...

i1 ik

i k 1 i3

p p

p p
 1 1 2 2 12 1 2 ,  k i i i ix x x x

1,2,  1, 2,..., .k i n

K
k 1

K
k 1
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8. ∫—π∑÷°§à“ ∂‘μ‘Õ—μ√“ à«π¿“«–πà“®–‡ªìπ (-2D
2
)

9. §”π«≥ Change of deviances D (partition) = -2

(D
1
-D

2
)

10. §”π«≥ §à“¢Õßμ—« ∂‘μ‘¿“«– “√Ÿª¥’·μà≈–μ—«∑’Ë‡°’Ë¬«¢âÕß

11. §”π«≥§à“√âÕ¬≈–¢Õß°“√®”·π°°≈ÿà¡‰¥â∂Ÿ°μâÕß®“°

μ—«·∫∫ ”À√—∫ Y ·μà≈–°≈ÿà¡·≈– Sensitivity total

12. ∑”´È”μ—Èß·μà¢âÕ 4-10 ®”π«π 1,000 §√—Èß

13. ∑”´È”μ—Èß·μà¢âÕ 2-11 ‚¥¬‡æ‘Ë¡§à“ 12 ®“° 0 - 4.5 ‚¥¬

‡æ‘Ë¡§√—Èß≈– 0.3

14. æ≈Õμ°√“ø√–À«à“ß 12 °—∫ Sensitivity (%) ·≈â«

ª√–‡¡‘πº≈°“√«‘®—¬

15. ∑”´È”μ—Èß·μà¢âÕ 1-13 ‚¥¬‡ª≈’Ë¬π¢π“¥μ—«Õ¬à“ß ®“°

600, 800, 1,000 ·≈– 1,500 μ“¡≈”¥—∫

3. °“√«‘‡§√“–Àå‡™‘ß ∂‘μ‘

°“√«‘‡§√“–Àåμ—«·∫∫ ‚¥¬°“√„™âμ—« ∂‘μ‘μà“ßÊ §◊Õ

Likelihood Ratio statistic, Generalized Coefficients of

Determination, BIC, AIC, Power of the tests ·≈– PCC ÷́Ëß

°“√§”π«≥„π°“√®”≈Õß·∫∫„™â Ÿμ√¥—ßπ’È

G
M
 = -2 [ln(L

O
)-ln(L

M
)] (The model chi-square statistic)

The Coefficients of Determination, R
2
 analogs ª√–°Õ∫¥â«¬

                (The contingency coefficient R
2
)

(Aldrich & Nelson, 1984)

(The log likelihood ratio R
2
) (McFadden, 1974; Menard,

1995)

  (The geometric mean squared

improvement per observation R
2
) (Cox & Snell, 1989;

Maddala, 1983; Ryan, 1997)

   (The adjusted geometric mean squared

improvement R
2
)(Nagelkerke, 1991, Ryan, 1997)

2. °“√®”≈Õß·∫∫

1. °”Àπ¥μ—«·∫∫∑’Ë∂Ÿ°μâÕß‡ªìπμ—«·∫∫ (9) §◊Õ Lik = k
+ 

1
x

1i + 
2
x

2i + 
12
x

1ix2i, k = 1, 2, i = 1, 2, ..., n
2. §”π«≥§à“§«“¡πà“®–‡ªìπ¢Õßμ—«·ª√μÕ∫ πÕß (Y) ∑’Ë

k (p
k
), k = 1, 2, 3 ‚¥¬„™â‡´μ¢Õßæ“√“¡‘‡μÕ√å {

1
,

2
, 1, 2}

·≈– (X
1
, X

2
) ∑’Ë¡’°“√·®°·®ß·∫∫ multinomial (

1
, 

2
, 

3
, 

4
)

´÷Ëß¡’§à“æ“√“¡‘‡μÕ√å 3 ·∫∫§◊Õ (0.10, 0.35, 0.45, 0.10), (0.50,

0.30, 0.10, 0.10) ·≈– (0.25, 0.25, 0.25, 0.25) ·≈–¢π“¥

¢ÕßÕ‘∑∏‘æ≈√à«¡√–À«à“ß X
1
,X

2
 μ—Èß·μà 0-4.5 ¡’§à“‡æ‘Ë¡¢÷Èπ∑’≈–

0.3 ·≈– 1 = log 2, 2 = log 3, 1 = log       , 2 =

log         ¿“¬„μâ¢π“¥μ—«Õ¬à“ß (n) 4 ¢π“¥ §◊Õ 600, 800,

1,000 ·≈– 1,500 Àπà«¬

3. μ—«·∫∫·≈– Ÿμ√∑’Ë„™â§”π«≥ ¥—ßπ’È

4.  √â“ßμ—«·ª√ ÿà¡ Y „Àâ Y=1 ¥â«¬§«“¡πà“®–‡ªìπ p
1
,

Y=2 ¥â«¬§«“¡πà“®–‡ªìπ p
2 
·≈– Y=3 ¥â«¬§«“¡πà“®–‡ªìπ p

3

‚¥¬„™â¢âÕ¡Ÿ≈®“°°“√·®°·®ß·∫∫ Y~ multinomial (P
1
, P

2
, P

3
)

∑’Ë¡’§à“æ“√“¡‘‡μÕ√å§«“¡πà“®–‡ªìπ 4 ·∫∫ §◊Õ (0.05, 0.20, 0.75),

(0.25, 0.50, 0.25), (0.55, 0.20, 0.25) ·≈– (0.33, 0.33, 0.33)

·μà≈–¢π“¥μ—«Õ¬à“ß √â“ß‡≈¢ ÿà¡ u ·≈â«π” u ‰ª‡ª√’¬∫‡∑’¬∫°—∫

§à“ p
j
 ∑’Ë‰¥â®“°¢âÕ 3. ¢Õß·μà≈–·∫∫ ¥—ßπ’È

∂â“ u < p
1
·≈â« Y=1

∂â“ p
1 
≤ u < p

1
 + p

2 
·≈â« Y=2

∂â“ u ≥ p
1
 + p

2 
·≈â« Y=3 (∑”´È”μ—Èß·μà¢âÕ 1-4 ®”π«π

‡∑à“°—∫¢π“¥μ—«Õ¬à“ß 600)

5. π”¢âÕ¡Ÿ≈ X
1
, X

2
 ®“°¢âÕ 2 ·≈– Y ®“°¢âÕ 4 ‰ª

 √â“ßμ—«·∫∫ (model fitting) μ“¡ ¡¡μ‘∞“π«à“ßμ—«·∫∫ (8) §◊Õ

6. ∫—π∑÷°§à“ ∂‘μ‘Õ—μ√“ à«π¿“«–πà“®–‡ªìπ (-2D
1
)

7.  √â“ßμ—«·∫∫®“°¢âÕ¡Ÿ≈∑’Ë®”≈Õß¢÷Èπ„π¢âÕ 2 ·≈– 4

μ“¡ ¡¡μ‘∞“π∑“ß‡≈◊Õ°μ—«·∫∫ (9)
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AIC =  G
M
 - 2 (Δdf), BIC =  G

M
- (log(n)) (Δdf), (Lawal,

2003)

POWER OF THE TESTS  Õ¥§≈âÕß°—∫°“√ªÆ‘‡ ∏ H
0 
‡¡◊ËÕ H

0

‰¡à®√‘ß

PCC = ·∑π√âÕ¬≈–¢Õß°“√®”·π°°≈ÿà¡‰¥â∂Ÿ°μâÕß¢Õß Y ·μà≈–

°≈ÿà¡„π 1,000 ™ÿ¥ „™â§”π«≥ Sensitivity μàÕ‰ª

SENSITIVITY ·∑π√âÕ¬≈–¢Õß°“√®”·π°°≈ÿà¡‰¥â∂Ÿ°μâÕß¢Õß Y

·μà≈–°≈ÿà¡¥â«¬μ—«·∫∫¢Õß°“√«‘®—¬π’È

ª√–°Õ∫¥â«¬ Sen0, Sen1, Sen2 ·≈– Sensitivity total

·∑π Sensitivity ¢Õß°“√®”·π°°≈ÿà¡‰¥â∂Ÿ°μâÕß¢Õß Y=1, Y=2,

Y=3 ·≈– Y= total (º≈√«¡¢Õß Sen0, Sen1, Sen2) μ“¡≈”¥—∫

‚¥¬∑’Ë n = Sample size

L
O

= The likelihood function for the model

containing only the intercept.

L
M

= The likelihood function for the model

containing all of the predictors.

G
M

= -2 [ln(L
O
) - ln(L

M
)] = The model chi-square

statistic.

4. º≈¢Õß°“√«‘®—¬

º≈≈—æ∏å¢Õß°“√‡ª√’¬∫‡∑’¬∫º≈√«¡¢Õß Sensitivity ¢Õß

μ—«·∫∫ ”À√—∫μ—«·ª√μÕ∫ πÕß Y ¿“¬„μâ°“√·®°·®ß¢Õß Yûs

·≈– (X
1
, X

2
) ·≈–‡ß◊ËÕπ‰¢¢Õß 12 ‚¥¬„™â¢π“¥μ—«Õ¬à“ß 4 ¢π“¥

§◊Õ 600, 800, 1,000, ·≈– 1,500 „π¿“æ√«¡®“°°“√‡ª√’¬∫‡∑’¬∫

√–À«à“ß°“√·®°·®ß¢Õß Yûs ¿“¬„μâ·μà≈–°“√·®°·®ß¢Õß

(X
1
, X

2
) æ∫«à“ ‡¡◊ËÕ°“√·®°·®ß¢Õß Y ¡’ —¥ à«π¢Õß·π«‚πâ¡

™—¥‡®π§◊Õ Y ~ multinomial (0.05, 0.20, 0.75) μ—«·∫∫¡’

Sensitivity À√◊Õ¡’°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß‰¥â¥’°«à“¢Õßμ—«·∫∫

¿“¬„μâ°“√·®°·®ß¢Õß Yûs ·∫∫Õ◊ËπÊ ∑’Ë‡À≈◊ÕÕ’° 3 ·∫∫„π∑ÿ°

≈—°…≥–°“√·®°·®ß¢Õß (X
1
, X

2
) √Õß≈ß¡“‡¡◊ËÕ Yûs ¡’≈—°…≥–

°“√·®°·®ß ¡¡“μ√ ·≈–‰¡à¡’·π«‚πâ¡§◊Õ Y~ multinomial

(0.33, 0.33, 0.33), (0.25, 0.50, 0.25), ·≈– (0.55, 0.20, 0.25)

μ“¡≈”¥—∫ ‚¥¬§à“¢Õß Sensitivity ‡æ‘Ë¡¢÷Èπ‡¡◊ËÕ§à“¢Õß 12 ·≈–

¢π“¥μ—«Õ¬à“ß‡æ‘Ë¡¢÷Èπ (°√“ø 1-2) ·≈–º≈≈—æ∏å∑’Ë‰¥âπ’È Õ¥§≈âÕß

°—∫º≈≈—æ∏å¢Õß°“√‡ª√’¬∫‡∑’¬∫¥â«¬‡∑Õ¡°”≈—ß°“√∑¥ Õ∫

(Power of the tests, Pongsapukdee & Sukgumphaphan,

2007) ¥â«¬  à«π°“√‡ª√’¬∫‡∑’¬∫√–À«à“ß°“√·®°·®ß¢Õß (X
1
,

X
2
)ûs ¿“¬„μâ·μà≈–°“√·®°·®ß¢Õß Y æ∫«à“ ‡¡◊ËÕ°“√·®°·®ß¢Õß

(X
1
, X

2
) ¡’≈—°…≥– —¥ à«πÀ√◊Õ§«“¡πà“®–‡ªìπ·∫∫ ¡¡“μ√ §◊Õ

(X
1
, X

2
) ~ multinomial (0.25, 0.25, 0.25, 0.25) μ—«·∫∫¡’

Sensitivity °“√æ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß¥’°«à“¢Õßμ—«·∫∫¿“¬„μâ

°“√·®°·®ß¢Õß (X
1
, X

2
)ûs ·∫∫Õ◊ËπÕ’° 2 ·∫∫ √Õß≈ß¡“§◊Õ

(X
1
, X

2
)~ multinomial (0.50, 0.30, 0.10, 0.10) ·≈– (0.10,

0.35, 0.45, 0.10) μ“¡≈”¥—∫ „π 3 ≈—°…≥–°“√·®°·®ß¢Õß Yûs

¬°‡«âπ°√≥’‡¥’¬«∑’Ë Y ~ multinomial (0.55, 0.20, 0.25) ∑’Ë

μ—«·∫∫¿“¬„μâ (X
1
, X

2
) ~ multinomial (0.10, 0.35, 0.45, 0.10)

„Àâº≈≈—æ∏å∑’Ë¥’°«à“ ·μà§à“∑’Ë ‰¥â¬—ß¡’§«“¡·ª√ª√«π§àÕπ¢â“ß Ÿß

√“¬≈–‡Õ’¬¥‡æ‘Ë¡‡μ‘¡· ¥ß‰«â„π°√“ø 1-2 ¿“¬„μâ¢π“¥μ—«Õ¬à“ß

600 ·≈– 800  à«π°√“ø¢Õß¢π“¥μ—«Õ¬à“ß 1000 ·≈– 1500

‰¡à‰¥â· ¥ß‰«â ·μà„Àâº≈≈—æ∏åÕ¬à“ß¡’§«“¡§ß‡ âπ§ß«“ (consis-

tency) ·≈–¥’¢÷Èπ„π∑”πÕß‡¥’¬«°—π

º≈≈—æ∏å¢Õß°“√‡ª√’¬∫‡∑’¬∫§à“‡©≈’Ë¬¢Õßμ—« ∂‘μ‘  RN, BIC

·≈– Sensitivity ®”·π°μ“¡°“√·®°·®ß¢Õß Yûs °—∫ XA ·≈–

12 ¿“¬„μâ¢π“¥μ—«Õ¬à“ß 4 ¢π“¥ æ∫«à“ §à“¢Õßμ—« ∂‘μ‘¿“«–

 “√Ÿª¥’μà“ßÊ §◊Õ Generalized Coefficients of Determination

(μ—« ∂‘μ‘ R2 
analogs) ‡æ‘Ë¡¢÷Èπ (´÷Ëß§à“ Ÿß‡ªìπ§à“∑’Ë¥’)  à«πμ—« ∂‘μ‘

Likelihood Ratio statistic G, AIC, BIC ¡’§à“≈¥≈ß (´÷Ëß§à“μË”

‡ªìπ§à“∑’Ë¥’) μ“¡¢π“¥μ—«Õ¬à“ß·≈–¢π“¥¢Õßæ“√“¡‘‡μÕ√å

Õ‘∑∏‘æ≈√à«¡¢Õßμ—«·ª√Õ∏‘∫“¬ Õßμ—«·ª√∑’Ë‡æ‘Ë¡¢÷Èπμ“¡≈”¥—∫

‚¥¬∑’Ë§à“μ—« ∂‘μ‘ R2
 analogs §◊Õ R

2

C
, R

2

L
, R

2

M
, ·≈– R

2

N
 À√◊Õ

RN „Àâº≈ Õ¥§≈âÕß´÷Ëß°—π·≈–°—π·≈– Õ¥§≈âÕß°—∫∑ƒ…Æ’ ∂‘μ‘

‡¡◊ËÕμ—«Õ¬à“ß¡’¢π“¥„À≠àÀ√◊Õ„°≈âÕπ—πμå (asymptotic results)

∑”πÕß‡¥’¬«°—π°—∫μ—« ∂‘μ‘ AIC ·≈– BIC °Á„Àâº≈ Õ¥§≈âÕß

‡™àπ°—π¥â«¬ ¥—ßπ—Èπ®÷ß√“¬ß“π‚¥¬ √ÿªº≈‡©æ“–§à“¢Õßμ—« ∂‘μ‘

RN, BIC ·≈–μ—« ∂‘μ‘ Sensitivity „π¿“æ√«¡¢Õßº≈≈—æ∏å

¿“¬„μâ°“√·®°·®ß (X
1
, X

2
) ~ multinomial (0.10, 0.35, 0.45,

0.10) ·≈– Y ~ multinomial (0.55, 0.20, 0.25) μ—« ∂‘μ‘ à«π„À≠à

„Àâ§à“¿“«– “√Ÿª¥’∑’Ë Ÿß°«à“‡¡◊ËÕ Y ~ multinomial (0.05, 0.20,

0.75), (0.25, 0.50, 0.25) ·≈– (0.33, 0.33, 0.33) ¬°‡«âπμ—« ∂‘μ‘

RN (μ“√“ß 1) ·≈–¬—ß§ß¡’º≈≈—æ∏å§≈â“¬°—π‡¡◊ËÕ (X
1
, X

2
)

~ multinomial (0.50, 0..30, 0.10, 0.10) Õ¬à“ß‰√°Áμ“¡ ‡¡◊ËÕ

(X
1
, X

2
) ~ multinomial (0.25, 0.25, 0.25, 0.25) ·≈– Y ~

multinomial (0.33, 0.33, 0.33) μ—« ∂‘μ‘¿“«– “√Ÿª¥’„Àâ§à“ Ÿß¢÷Èπ

°«à“°√≥’¢â“ßμâπ§àÕπ¢â“ß¡“° ‚¥¬‡©æ“–‡¡◊ËÕ‡∑Õ¡Õ‘∑∏‘æ≈√à«¡

¢Õßμ—«·ª√Õ∏‘∫“¬¡’§à“¡“°¢÷Èπ √“¬≈–‡Õ’¬¥‡æ‘Ë¡‡μ‘¡· ¥ß‰«â„π

μ“√“ß 1 ¿“¬„μâ°“√·®°·®ß¢Õß (X
1
, X

2
) ~ multinomial

(0.25, 0.25, 0.25,  0.25)  à«π°“√·®°·®ßÕ◊ËπÊ ‰¡à‰¥â· ¥ß‰«â

·μà„Àâº≈≈—æ∏åÕ¬à“ß§ß‡ âπ§ß«“„π∑”πÕß‡¥’¬«°—π

«’√“π—π∑å  æß»“¿—°¥’  ·≈–  ÿ®‘πμå   ÿ¢°ÿ¡¿“æ—π∏å / «“√ “√«‘∑¬“»“ μ√å∫Ÿ√æ“. 13 (2551) 2 : 11-2418



 

543210

1.5

1.4

1.3

1.2

1.1

1.0

beta12

Y
-D

a
ta

TOTALXAYA
TOTALXAYB
TOTALXAYC
TOTALXAYD

Variable

Sensitivity Plot
Classified by Y's Distributions

N600XA

          
543210

1.5

1.4

1.3

1.2

1.1

1.0

beta12

Y
-D

a
ta

TOTALXAYA
TOTALXAYB
TOTALXAYC
TOTALXAYD

Variable

Sensitivity Plot
Classified by Y's Distributions

N800XA

 

 

543210

1.5

1.4

1.3

1.2

1.1

1.0

beta12

Y
-D

a
ta

TOTALXBYA
TOTALXBYB
TOTALXBYC
TOTALXBYD

Variable

Sensitivity Plot
Classified by Y's Distributions

N600XB

          
543210

1.6

1.5

1.4

1.3

1.2

1.1

1.0

beta12

Y
-D

a
ta

TOTALXBYA
TOTALXBYB
TOTALXBYC
TOTALXBYD

Variable

Sensitivity Plot
Classified by Y's Distributions

N800XB

 

 

543210

1.9

1.8

1.7

1.6

1.5

1.4

1.3

1.2

1.1

1.0

beta12

Y
-D

a
ta

TOTALXCYA
TOTALXCYB
TOTALXCYC
TOTALXCYD

Variable

Sensitivity Plot
Classified by Y's Distributions

N600XC

          
543210

1.9

1.8

1.7

1.6

1.5

1.4

1.3

1.2

1.1

1.0

beta12

Y
-D

a
ta

TOTALXCYA
TOTALXCYB
TOTALXCYC
TOTALXCYD

Variable

Sensitivity Plot
Classified by Y's Distributions

N800XC

 

YA=Y~multinomial (0.05, 0.20, 0.75), YB=Y~multinomial (0.25, 0.50, 0.25), YC=Y~multinomial (0.5, 0.20, 0.25), YD= Y~multinomial

(0.33, 0.33, 0.33)

XA=(X
1
, X

2
)~multinomial (0.10, 0.35, 0.45, 0.10), XB=(X

1
, X

2
)~ multinomial (0.50, 0.30, 0.10, 0.10), XC=(X

1
, X

2
)~multinomial (0.25, 0.25,

0.25, 0.25)

°√“ø 1: Sensitivity Plots ¢Õß YA, YB, YC, YD °—∫ 12 ®”·π°μ“¡ XA, XB, XC ¿“¬„μâ¢π“¥μ—«Õ¬à“ß 600 ·≈– 800

º≈≈—æ∏å : °√“ø 1

Veeranun Pongsapukdee* and Sujin Sukgumphaphan / Burapha Sci. J. 13 (2008)  : 11-24 19
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YA=Y~multinomial (0.05, 0.20, 0.75), YB=Y~multinomial (0.25, 0.50, 0.25), YC=Y~multinomial (0.5, 0.20, 0.25), YD= Y~multinomial

(0.33, 0.33, 0.33)

XA=(X
1
, X

2
)~multinomial (0.10, 0.35, 0.45, 0.10), XB=(X

1
, X

2
)~ multinomial (0.50, 0.30, 0.10, 0.10), XC=(X

1
, X

2
)~multinomial (0.25, 0.25,

0.25, 0.25)

°√“ø 2: Sensitivity Plots ¢Õß YA, YB, YC, YD °—∫ 12 ®”·π°μ“¡ YA, YB, YC, YD ¿“¬„μâ¢π“¥μ—«Õ¬à“ß 600 ·≈– 800

º≈≈—æ∏å : °√“ø 2

«’√“π—π∑å  æß»“¿—°¥’  ·≈–  ÿ®‘πμå   ÿ¢°ÿ¡¿“æ—π∏å / «“√ “√«‘∑¬“»“ μ√å∫Ÿ√æ“. 13 (2551) 2 : 11-2420
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μ—«·ª√Õ∏‘∫“¬·∫∫·∫àß°≈ÿà¡ ¡’¢âÕ√–¡—¥√–«—ß§◊Õ ∂â“°“√·®°·®ß

¢Õßμ—«·ª√μÕ∫ πÕß·≈–¢Õßμ—«·ª√Õ∏‘∫“¬‡ªìπ·∫∫‰¡à ¡¡“μ√

 —¥ à«π∑’Ë π„®¢Õßμ—«·ª√μÕ∫ πÕß¡’§à“πâÕ¬§«√„™âμ—«Õ¬à“ß

¢π“¥„À≠à‡ ¡Õ ·≈–‡¡◊ËÕμ—«·ª√Õ∏‘∫“¬‰¡à‡ªìπÕ‘ √–μàÕ°—π°“√

„™âμ—«·∫∫∑’Ë¡’‡∑Õ¡Õ‘∑∏‘æ≈√à«¡¢Õßμ—«·ª√Õ∏‘∫“¬Õ¬à“ßπâÕ¬ Õß

μ—«·ª√·≈–μ—«Õ¬à“ß¢π“¥„À≠à ‡æ√“–„Àâº≈≈—æ∏å∑’Ë¥’°«à“„π‡∑Õ¡

¢Õßº≈√«¡¢Õß Sensitivity À√◊Õ°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß√«¡

 ”À√—∫°“√«‘®—¬§√—ÈßμàÕ‰ª πÕ°®“°»÷°…“μ—«·∫∫„π‡∑Õ¡

Sensitivity À√◊Õ°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß√«¡·≈â« Õ“®»÷°…“

Sensitivity À√◊Õ°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß‡©æ“–°≈ÿà¡∑’Ë π„®Àπ÷ËßÊ

‚¥¬Õ“®‡æ‘Ë¡μ—«·ª√Õ∏‘∫“¬·∫∫Õ◊Ëπ„πμ—«·∫∫·≈–Õ“®‡æ‘Ë¡°“√

»÷°…“μ—«·∫∫„π‡∑Õ¡ ROC (Receiver Operating Characteristic

Curve) μ≈Õ¥®π°“√‡ª√’¬∫‡∑’¬∫°—∫°“√„™âμ—«·∫∫Õ◊Ëπ Õ“®„™â

μ—«·∫∫‰¡à‡™‘ß‡ âπμ√ß (Hastile & Tibshirani, 1990) ‡ªìπ∑“ß

‡≈◊Õ°Õ◊Ëπ¢Õß°“√«‘‡§√“–Àå Sensitivity ¢Õßμ—«·∫∫μàÕ‰ª

°‘μμ‘°√√¡ª√–°“»

ºŸâ«‘®—¬¢Õ¢Õ∫§ÿ≥ §≥–«‘∑¬“»“ μ√å·≈–¿“§«‘™“ ∂‘μ‘

¡À“«‘∑¬“≈—¬»‘≈ª“°√  ”À√—∫∑ÿπ π—∫ πÿπß“π«‘®—¬π’È ·≈–

¢Õ∫æ√–§ÿ≥ºŸâ∑√ß§ÿ≥«ÿ≤‘∑—Èß 3 ∑à“π μ≈Õ¥®π§≥–∫√√≥“∏‘°“√

∑ÿ°∑à“π  ”À√—∫§”·π–π”‡æ‘Ë¡‡μ‘¡Õ—π‡ªìπª√–‚¬™πåμàÕß“π«‘®—¬π’È

‡Õ° “√Õâ“ßÕ‘ß
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5.  √ÿªº≈°“√«‘®—¬·≈–¢âÕ‡ πÕ·π–

 √ÿªº≈°“√«‘®—¬

º≈¢Õß°“√«‘®—¬ √ÿª‡ªìπ 3 ª√–‡¥Áπ ª√–‡¥Áπ·√°§◊Õ

æ‘®“√≥“°“√·®°·®ß¢Õß Yûs ¿“¬„μâ·μà≈–°“√·®°·®ß¢Õß

(X
1
, X

2
) æ∫«à“ ‡¡◊ËÕ°“√·®°·®ß¢Õß Y ¡’ —¥ à«π¢Õß·π«‚πâ¡

™—¥‡®π§◊Õ Y ~ multinomial (0.05, 0.20, 0.75) μ—«·∫∫¡’

Sensitivity ¢Õß°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß‰¥â¥’°«à“¢Õßμ—«·∫∫

¿“¬„μâ°“√·®°·®ß¢Õß Yûs ·∫∫Õ◊ËπÊ „π∑ÿ°≈—°…≥–°“√·®°·®ß

¢Õß (X
1
, X

2
) √Õß≈ß¡“§◊Õ Y~ multinomial (0.33, 0.33, 0.33),

(0.25, 0.50, 0.25) ·≈– (0.55, 0.20, 0.25) μ“¡≈”¥—∫ ‚¥¬

«—¥¥â«¬‡∑Õ¡º≈√«¡¢Õß Sensitivity ¢Õßμ—«·∫∫·≈–‡ß◊ËÕπ‰¢

¢Õß 12  ¿“¬„μâ¢π“¥μ—«Õ¬à“ß 4 ¢π“¥§◊Õ 600, 800, 1,000 ·≈–

1,500 ´÷Ëß§à“ Sensitivity ‡æ‘Ë¡¢÷Èπ‡¡◊ËÕ§à“¢Õß 12 ·≈–¢π“¥

μ—«Õ¬à“ß‡æ‘Ë¡¢÷Èπ ª√–‡¥Áπ∑’Ë Õß§◊Õæ‘®“√≥“°“√·®°·®ß¢Õß (X
1
,

X
2
)ûs ¿“¬„μâ·μà≈–°“√·®°·®ß¢Õß Y æ∫«à“ ‡¡◊ËÕ°“√·®°·®ß¢Õß

(X
1
, X

2
) ¡’≈—°…≥–¢Õß —¥ à«πÀ√◊Õ§«“¡πà“®–‡ªìπ·∫∫ ¡¡“μ√

§◊Õ (X
1
, X

2
) ~ multinomial (0.25, 0.25, 0.25, 0.25) μ—«·∫∫¡’

Sensitivity À√◊Õ°“√æ¬“°√≥å°≈ÿà¡∂Ÿ°μâÕß‰¥â¥’°«à“¢Õßμ—«·∫∫

¿“¬„μâ°“√·®°·®ß¢Õß (X
1
, X

2
)ûs ·∫∫Õ◊ËπÊ Õ’° 2 ·∫∫ √Õß≈ß¡“

§◊Õ (X
1
, X

2
) ~ multinomial (0.50, 0.30, 0.10, 0.10) ·≈– (0.10,

0.35, 0.45, 0.10)  μ“¡≈”¥—∫ ¬°‡«âπ°√≥’‡¥’¬«∑’Ë Y ~ multinomial

(0.5, 0.20, 0.25) ∑’Ëμ—«·∫∫¿“¬„μâ (X
1
, X

2
)~ multinomial

(0.10, 0.35, 0.45, 0.10) „Àâº≈≈—æ∏å¥’°«à“Õ’° 2 ·∫∫·μà¬—ß¡’

§«“¡·ª√ª√«π§àÕπ¢â“ß Ÿß ·≈–ª√–‡¥Áπ ÿ¥∑â“¬§◊Õ§à“¢Õßμ—« ∂‘μ‘

¿“«– “√Ÿª¥’μà“ßÊ ∑’Ë»÷°…“ æ∫«à“¡’≈—°…≥–∑’Ë¢÷ÈπÕ¬Ÿà°—∫≈—°…≥–

°“√·®°·®ß¢Õßμ—«·ª√μÕ∫ πÕß·≈–μ—«·ª√Õ∏‘∫“¬ ‡ÀÁπ‰¥â™—¥

®“°≈—°…≥–°“√·®°·®ß¢Õß Y ∑’Ë¡’ —¥ à«π¢Õß·π«‚πâ¡ ·≈–

¢Õß∑—Èß Y ·≈– (X
1
, X

2
) ∑’Ë¡’ —¥ à«π·∫∫ ¡¡“μ√ μ—«·∫∫¡’

Sensitivity ¢Õß°“√æ¬“°√≥å°≈ÿà¡‰¥â∂Ÿ°μâÕß¥’°«à“°“√·®°·®ß¢Õß

Yûs ·≈– (X
1
, X

2
)ûs ·∫∫Õ◊ËπÊ πÕ°®“°π’È§à“ ∂‘μ‘¿“«– “√Ÿª¥’

¡’·π«‚πâ¡‡æ‘Ë¡¢÷Èπ (Generalized Coefficients of Determination)

·≈–≈¥≈ß (Likelihood Ratio statistic G, AIC, ·≈– BIC) μ“¡

¢π“¥¢Õßæ“√“¡‘‡μÕ√åÕ‘∑∏‘æ≈√à«¡·≈–¢π“¥μ—«Õ¬à“ßμ“¡≈”¥—∫

´÷Ëß∑—ÈßÀ¡¥„Àâº≈≈—æ∏å∑’Ë§ß‡ âπ§ß«“·≈– Õ¥§≈âÕß°—∫º≈≈—æ∏å

∑“ß∑ƒ…Æ’¥â«¬

¢âÕ‡ πÕ·π–

®“°º≈¢Õß°“√«‘®—¬¢â“ßμâππ’È „π°“√π”μ—«·∫∫‚æ≈‘‚§-

‚∑¡— ‚≈®‘∑‰ª„™â‡¡◊ËÕμ—«·ª√μÕ∫ πÕß‡™‘ß°≈ÿà¡·∫∫¡’≈”¥—∫·≈–
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