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∫∑§—¥¬àÕ
ß“π«‘®—¬π’È¡’«—µ∂ÿª√– ß§å‡æ◊ËÕÀ“µ—«·∫∫∑’Ë‡À¡“– ¡ ”À√—∫®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π°“√

ª√–°—π¿—¬√∂¬πµå„π°√ÿß‡∑æ¡À“π§√∑’Ë¡’°“√‡°Á∫¢âÕ¡Ÿ≈´È”µ—Èß·µàªï æ.». 2544-2548 ‚¥¬„™â¢âÕ¡Ÿ≈¢ÕßºŸâ∑”
ª√–°—π¿—¬√∂¬πµå∑’Ë¡’®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑πÕ¬à“ßπâÕ¬Àπ÷Ëß§√—Èß„π√–¬–‡«≈“µ‘¥µ“¡ 5 ªï ∑—ÈßÀ¡¥
3,635 °√¡∏√√¡å ∑’Ë‰¥â®“°°√¡°“√ª√–°—π¿—¬ ¥â«¬µ—«·∫∫ Generalized Estimating Equations (GEE)
‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß¢âÕ¡Ÿ≈‡ªìπ·∫∫ First-order Autoregressive (AR(1)) ·≈– Compound
Symmetry (CS) µ“¡≈”¥—∫ ·≈–µ—«·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (Generalized Linear Mixed Models,
GLMMs) ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß¢âÕ¡Ÿ≈‡ªìπ·∫∫ AR(1) ·≈– CS µ“¡≈”¥—∫ æ√âÕ¡
∑—Èßæ‘®“√≥“µ—«·∫∫∑’Ë‡À¡“– ¡ ‚¥¬µ—«·ª√µ“¡ §◊Õ ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π ÷́Ëß¡’°“√·®°·®ß·∫∫
ªí« å´ß ·≈–µ—«·ª√Õ‘ √–ª√–°Õ∫¥â«¬§à“ ‘π‰À¡∑¥·∑π Õ“¬ÿ√∂¬πµå ‡æ» °≈ÿà¡Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ °≈ÿà¡
√∂¬πµå·≈–¢π“¥‡§√◊ËÕß¬πµå º≈°“√»÷°…“æ∫«à“ µ—«·∫∫ GEE ‡¡◊ËÕ‚§√ß √â“ß§«“¡ —¡æ—π∏å‡ªìπ·∫∫ AR(1)
¡’§«“¡‡À¡“– ¡ ”À√—∫¢âÕ¡Ÿ≈¡“°°«à“√Ÿª·∫∫ CS ¥â«¬§à“ ∂‘µ‘ Pearson Chi-square of residual/DF ∑’Ë¡’
§à“‡¢â“„°≈â 1 ¡“°°«à“‡≈Á°πâÕ¬§◊Õ 0.64 ·≈– 0.63 µ“¡≈”¥—∫  à«πµ—«·∫∫ GLMMs ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß
§«“¡·ª√ª√«π√à«¡‡ªìπ·∫∫ AR(1) ¡’§«“¡‡À¡“– ¡ ”À√—∫¢âÕ¡Ÿ≈¡“°°«à“√Ÿª·∫∫ CS ¥â«¬§à“ ∂‘µ‘
Generalized Chi-Square/DF ‡∑à“°—∫ 0.18 ·≈– 0.15 µ“¡≈”¥—∫ ‡¡◊ËÕ‡ª√’¬∫‡∑’¬∫µ—«·∫∫ GEE  ·≈–µ—«·∫∫
GLMMs „π¿“æ√«¡¢Õß§à“‡©≈’Ë¬ª√–™“°√®–„Àâ§à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß (R2

p ) „°≈â‡§’¬ß°—π ª√–¡“≥
√âÕ¬≈– 53 ·µà‡¡◊ËÕæ‘®“√≥“µ—«·∫∫ GLMMs ∑’Ë¡’°“√‡æ‘Ë¡‡∑Õ¡Õ‘∑∏‘æ≈§à“§ß∑’Ë ÿà¡∑’Ë· ¥ß∂÷ß§«“¡·µ°µà“ß
¢Õß·µà≈–Àπà«¬»÷°…“ æ∫«à“ µ—«·∫∫ GLMMs ∑’Ë¡’‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡‡ªìπ·∫∫ AR(1) „Àâ
ª√– ‘∑∏‘¿“æ„π°“√∑”π“¬®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π¡’§«“¡∂Ÿ°µâÕß Ÿß¢÷Èπ‡ªìπ√âÕ¬≈– 76.28 ·≈–
ªí®®—¬∑’Ë¡’º≈µàÕ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘ 0.05 ‰¥â·°à §à“ ‘π‰À¡∑¥·∑π
Õ“¬ÿ√∂¬πµå °≈ÿà¡Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ Õ“™’æ ·≈–‡æ»

§” ”§—≠: µ—«·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª µ—«·∫∫ generalized estimating equations (GEE), first-
order autoregressive (AR(1)), compound symmetry (CS), §à“§ß∑’Ë ÿà¡ ®”π«π°“√‡√’¬°
§à“ ‘π‰À¡∑¥·∑π
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Generalized Linear Models for Longitudinal Study of
Car Insurance Claims in Bangkok

Sirinya Teeraananchai and Lily Ingsrisawang*

ABSTRACT

The goal of this study was to model a number of car insurance claims for car
policyholders in Bangkok during the five-year insurance period of 2001-2005. The data used
in this study came from the Department of Insurance in Thailand which consisted of 3,635
observations with at least one claim count in the 5-year period. The methodologies of GEE
and GLMMs modeling approaches were applied by taking account of correlation and covariance
structures of data such as First-order Autoregressive (AR(1)) and Compound Symmetry (CS),
respectively. The appropriate model is suggested. The dependent variable was the claim counts
with Poisson distribution while independent variables were indemnity, car-age, age, gender,
occupation, car-group and engine size. The results showed that the GEE model with AR(1)
correlation structure was more appropriate than the model with CS structure, as indicated by the
values of Pearson Chi-square of residual/DF 0.64 and 0.63, respectively. On the other hand, the
GLMMs model with AR(1) covariance structure was also more appropriate than the model
with CS structure, as indicated by the values of Generalized Chi-Square/DF 0.18 and 0.15,
respectively. The GLMMs and GEE for population averaged models had the same performance
for estimating the claim counts with the percentage of correct predictions (R2

p ) about 53%, but
the GLMMs model for emphasizing on subject-specific with AR(1) structure and random
intercept effect showed more efficiency in the percentage of correct prediction with 76.28%.
The statistically significant factors at the 0.05 level consisted of indemnity, car-age, age-group,
occupation and gender.

Keywords: generalized linear mixed models (GLMMs), generalized estimating equations (GEE),
first-order autoregressive (AR(1)), compound symmetry (CS), random intercept, claim
count
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∫∑π”
°“√ª√–°—π¿—¬√∂¬πµå¡’§«“¡‡°’Ë¬«¢âÕß°—∫ºŸâ„™â√∂¬πµå„π°“√‡¥‘π∑“ß‡ªìπÕ¬à“ß¡“° §◊Õ ¡’ à«π

™à«¬„π°“√§ÿâ¡§√ÕßºŸâ¢—∫¢’Ë ·≈–™à«¬≈¥§«“¡‡ ’Ë¬ß„π°“√‡°‘¥Õÿ∫—µ‘‡Àµÿ „π∑“ß ∂‘µ‘‰¥â¡’°“√‡°Á∫√«∫√«¡¢âÕ¡Ÿ≈
°“√ª√–°—π¿—¬√∂¬πµå ‚¥¬¢âÕ¡Ÿ≈∑’Ëπà“ π„®®“°°“√‡°Á∫¢âÕ¡Ÿ≈§◊Õ ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π ÷́Ëß‡ªìπ
¢âÕ¡Ÿ≈∑’Ë∫√‘…—∑ª√–°—π‰¡à “¡“√∂√Ÿâ≈à«ßÀπâ“‰¥â‡°’Ë¬«°—∫°“√„™â√∂¬πµå¢Õß‡®â“¢Õß°√¡∏√√¡å ¥—ßπ—Èπ°“√π”¢âÕ¡Ÿ≈
®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π¡“ √â“ßµ—«·∫∫∑“ß ∂‘µ‘ “¡“√∂π”¡“„™âª√–°Õ∫°“√æ‘®“√≥“°“√°”Àπ¥
‡∫’È¬ª√–°—π„πªïµàÕ‰ª‰¥â √«¡∑—Èß “¡“√∂æ¬“°√≥å®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π≈à«ßÀπâ“ ®”π«π
°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ¢âÕ¡Ÿ≈°“√π—∫ (count) ¡’°“√·®°·®ß·∫∫ªí« å´ß (Poisson distribution)
 “¡“√∂π”¡“ √â“ßµ—«·∫∫‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (Generalized Linear Models, GLMs) ‡æ◊ËÕ„™â„π°“√
∑”π“¬¢âÕ¡Ÿ≈®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π„πÕπ“§µ ·µàµ—«·∫∫ GLMs ‡ªìπµ—«·∫∫ ”À√—∫¢âÕ¡Ÿ≈∑’Ë§à“
 —ß‡°µ‡ªìπÕ‘ √–°—π·≈–‰¡à¡’°“√«—¥´È” [1, 2] ·µà ”À√—∫¢âÕ¡Ÿ≈°“√ª√–°—π¿—¬√∂¬πµå‡ªìπ¢âÕ¡Ÿ≈√–¬–¬“«∑’Ë¡’
°“√«—¥´È”„π∫ÿ§§≈‡¥’¬«°—π´÷Ëß§à“ —ß‡°µ¡’§«“¡ —¡æ—π∏å°—π®÷ß‡À¡“– ¡°—∫µ—«·∫∫ Generalized Estimating
Equations (GEE) ∑’Ëæ—≤π“¡“®“°À≈—°°“√¢Õßµ—«·∫∫ GLMs [3]  ”À√—∫°“√ √â“ßµ—«·∫∫¿“æ√«¡¢Õß
§à“‡©≈’Ë¬ª√–™“°√ (Population-Average Model, PA) ‚¥¬‰¥â¡’°“√π”‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß¢âÕ¡Ÿ≈∑’Ë
‡°Á∫´È”¢ÕßÀπà«¬»÷°…“Àπ÷ËßÊ ∑’Ë‡√’¬°‡ªìπ Working Correlation Matrix ‡¢â“¡“æ‘®“√≥“„π¢—ÈπµÕπ¢Õß°“√
ª√–¡“≥§à“æ“√“¡‘‡µÕ√å πÕ°®“°π’È°“√æ—≤π“µ—«·∫∫¢âÕ¡Ÿ≈∑’Ë¡’°“√«—¥´È”·∫∫µ‘¥µ“¡√–¬–¬“« “¡“√∂„™âµ—«
·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (Generalized Linear Mixed Models, GLMMs) [4] ¡“‡ªìπµ—«·∫∫∑’Ë„™â
Õ∏‘∫“¬·µà≈–Àπà«¬∫ÿ§§≈À√◊ÕÀπà«¬»÷°…“ (Subject-Specific Models) ‚¥¬µ—«·∫∫π’Èæ—≤π“®“°µ—«·∫∫
¿“æ√«¡§à“‡©≈’Ë¬ª√–™“°√°àÕπ ·≈–¬Õ¡„Àâ¡’°“√‡æ‘Ë¡‡∑Õ¡Õ‘∑∏‘æ≈ ÿà¡ (random Effect) ‡¢â“¡“„πµ—«·∫∫
‡æ◊ËÕ· ¥ß≈—°…≥–‡©æ“–¢Õß·µà≈–∫ÿ§§≈ ‡™àπ °“√¬Õ¡„Àâ§à“æ◊Èπ∞“πÀ√◊Õ∑’Ë‡√’¬°«à“§à“§ß∑’Ë (intercept)
¢Õß·µà≈–∫ÿ§§≈¡’§à“·µ°µà“ß°—π‰¥â·∫∫ ÿà¡ ‡√’¬°‡ªìπ Random Intercept ‡æ◊ËÕ„ÀâÕ∏‘∫“¬§«“¡·µ°µà“ß¢Õß
·µà≈–∫ÿ§§≈‰¥â™—¥‡®π°«à“°“√Õ∏‘∫“¬º≈„π¿“æ√«¡¢Õß§à“‡©≈’Ë¬ª√–™“°√

¥—ßπ—Èπ „πß“π«‘®—¬π’È¡’«—µ∂ÿª√– ß§å §◊Õ ‡æ◊ËÕÀ“µ—«·∫∫∑“ß ∂‘µ‘∑’Ë‡À¡“– ¡ ”À√—∫¢âÕ¡Ÿ≈®”π«π
°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë‡ªìπ¢âÕ¡Ÿ≈µ‘¥µ“¡√–¬–¬“«¥â«¬µ—«·∫∫ Generalized Estimating Equations
(GEE) ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ First-order
Autoregressive (AR(1)) ·≈– Compound Symmetry (CS) ·≈–µ—«·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (GLMMs)
‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ First-order
Autoregressive (AR(1)) ·≈– Compound Symmetry (CS)

«‘∏’°“√»÷°…“
°“√»÷°…“«‘®—¬π’È‰¥â„™â¢âÕ¡Ÿ≈∑ÿµ‘¬¿Ÿ¡‘∑’Ë‰¥â®“°°√¡°“√ª√–°—π¿—¬ ‚¥¬‡ªìπ¢âÕ¡Ÿ≈°“√ª√–°—π¿—¬

√∂¬πµå¿“§ ¡—§√„®ª√–‡¿∑ 1 ·∫∫√–∫ÿ™◊ ËÕºŸâ¢—∫¢’Ë √À—  110 √∂¬πµåπ—Ëß à«π∫ÿ§§≈ µ—Èß·µàªï æ.».
2544-2548 ∑’Ë‡√‘Ë¡∑”°“√ª√–°—π¿—¬µ—Èß·µàªï 2544 ¢ÕßºŸâ∑”ª√–°—π¿—¬§π‡¥’¬«°—π∑’Ë¡’°“√‡√’¬°§à“ ‘π‰À¡
∑¥·∑πÕ¬à“ßπâÕ¬ 1 §√—Èß„π√–¬–‡«≈“µ‘¥µ“¡ 5 ªï ®”π«π 3,635 °√¡∏√√¡å ‡¡◊ËÕµ—«·ª√µ“¡ §◊Õ ®”π«π
°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π¡’°“√·®°·®ß·∫∫ªí« å´ß  à«πµ—«·ª√Õ‘ √–ª√–°Õ∫¥â«¬µ—«·ª√µàÕ‰ªπ’È
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- ‡æ» À¡“¬∂÷ß ‡æ»¢ÕßºŸâ∑”ª√–°—π¿—¬√∂¬πµå
- Õ“™’æºŸâ∑”ª√–°—π¿—¬√∂¬πµå À¡“¬∂÷ß Õ“™’æ¢ÕßºŸâ∑”ª√–°—π¿—¬√∂¬πµå [5] ́ ÷Ëß·∫àß‡ªìπ 2 °≈ÿà¡

§◊Õ Õ“™’æ∑’Ë¡’§«“¡‡ ’Ë¬ß¡“° ‰¥â·°à π—°¢à“« ºŸâ√—∫‡À¡“°àÕ √â“ß «‘»«°√ ·≈– ∂“ªπ‘° ‡ªìπµâπ ·≈–Õ“™’æ∑’Ë¡’
§«“¡‡ ’Ë¬ßπâÕ¬ ‰¥â·°à §√Ÿ æ¬“∫“≈ ·æ∑¬å ·¡à∫â“π ‡®â“¢Õß°‘®°“√·≈–Õ“®“√¬å ‡ªìπµâπ

- Õ“¬ÿ¢ÕßºŸâ∑”ª√–°—π¿—¬√∂¬πµå (ªï) À¡“¬∂÷ß Õ“¬ÿ¢ÕßºŸâ∑”ª√–°—π¿—¬√∂¬πµå ‚¥¬¡’°“√·∫àß
™à«ßÕ“¬ÿ®“°™à«ß∑’Ë¡’§«“¡‡ ’Ë¬ß¿—¬πâÕ¬‰ª¬—ß™à«ß∑’Ë¡’§«“¡‡ ’Ë¬ß¿—¬¡“°‡ªìπ 4 ™à«ßÕ“¬ÿ [6] §◊Õ Õ“¬ÿ‡°‘π 50 ªï
¢÷Èπ‰ª, Õ“¬ÿ 36-50 ªï, Õ“¬ÿ 25-35 ªï ·≈–Õ“¬ÿ 18-24 ªï

- ¢π“¥¢Õß‡§√◊ËÕß¬πµå (cc.) À¡“¬∂÷ß ¢π“¥¢Õß‡§√◊ËÕß¬πµå¢Õß√∂∑’Ë∑”ª√–°—π¿—¬´÷Ëß·∫àß‡ªìπ
2 √–¥—∫ [7] §◊Õ °≈ÿà¡∑’Ë 1 ¢π“¥‡§√◊ËÕß¬πµåπâÕ¬°«à“‡∑à“°—∫ 2000 cc. ·≈–°≈ÿà¡∑’Ë 2 ¢π“¥‡§√◊ËÕß¬πµå¡“°
°«à“ 2000 cc.

- Õ“¬ÿ√∂¬πµå (ªï) À¡“¬∂÷ß Õ“¬ÿ°“√„™âß“π¢Õß√∂¬πµå∑’Ë∑”°“√ª√–°—π¿—¬
- §à“ ‘π‰À¡∑¥·∑πÀ√◊Õ§à“‡ ’¬À“¬ (∫“∑) À¡“¬∂÷ß §à“‡ ’¬À“¬∑’Ë‰¥â√—∫„π°√≥’∑’Ë‡°‘¥§«“¡‡ ’¬

À“¬¢Õßµ—«√∂¬πµå‡¡◊ËÕ∑”°“√´àÕ¡
- °≈ÿà¡√∂¬πµå À¡“¬∂÷ß °“√®—¥°≈ÿà¡¢Õß√∂¬πµå∑’Ë∑”ª√–°—π¿—¬‰«â ·∫àßÕÕ°‡ªìπ 5 °≈ÿà¡ §◊Õ °≈ÿà¡

∑’Ë 1 °≈ÿà¡∑’Ë 2 °≈ÿà¡∑’Ë 3 °≈ÿà¡∑’Ë 4 ·≈–°≈ÿà¡∑’Ë 5 µ“¡°√¡°“√ª√–°—π¿—¬

∑”°“√«‘‡§√“–Àå¥â«¬µ—«·∫∫ GEE ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“
 ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS ·≈–µ—«·∫∫ GLMMs ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π
√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS, ‚¥¬„™â‚ª√·°√¡ SAS „π°“√À“
µ—«·∫∫∑“ß ∂‘µ‘∑’Ë‡À¡“– ¡ ”À√—∫®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π¡’¢—ÈπµÕπ¥—ßπ’È

¢—ÈπµÕπ 1 »÷°…“≈—°…≥–¢âÕ¡Ÿ≈‡∫◊ÈÕßµâπ¥â«¬ ∂‘µ‘‡™‘ßæ√√≥π“®“°§à“√âÕ¬≈– §«“¡∂’Ë §à“‡©≈’Ë¬
§à“‡∫’Ë¬ß‡∫π¡“µ√∞“π ·≈–¡—∏¬∞“π √«¡∑—Èßµ√«® Õ∫§«“¡ —¡æ—π∏å√–À«à“ßµ—«·ª√∑’Ë„™â„π°“√»÷°…“¥â«¬°“√
À“§à“ —¡ª√– ‘∑∏‘Ï À —¡æ—π∏å ‡ªï¬√å·¡π√–À«à“ß¢âÕ¡Ÿ≈°≈ÿà¡·∫∫Õ—π¥—∫¥â«¬°—π ·≈–«—¥√–¥—∫§«“¡ —¡æ—π∏å
√–À«à“ß¢âÕ¡Ÿ≈°≈ÿà¡∑’Ë·∑π≈—°…≥–°—∫¢âÕ¡Ÿ≈°≈ÿà¡·∫∫Õ—π¥—∫¥â«¬§à“ ∂‘µ‘ Phi ·≈– Cramerûs V [8] æ√âÕ¡
∑—Èßµ√«® Õ∫°“√·®°·®ß¢Õß¢âÕ¡Ÿ≈‡™‘ßª√‘¡“≥∑’Ë¡’§à“µàÕ‡π◊ËÕß ‡™àπ §à“ ‘π‰À¡∑¥·∑π¥â«¬ Histogram ·≈–
·°âªí≠À“¢âÕ¡Ÿ≈‡™‘ßª√‘¡“≥¢Õßµ—«·ª√Õ‘ √–°√≥’∑’Ë¡’°“√·®°·®ß·∫∫‡∫â¢«“ ‚¥¬°“√·ª≈ß¢âÕ¡Ÿ≈¥â«¬«‘∏’
Box-Cox ‡æ◊ËÕ∑”„Àâ¢âÕ¡Ÿ≈¡’§«“¡·ª√ª√«π§ß∑’Ë (Stability Variances) ®“°°“√»÷°…“¢âÕ¡Ÿ≈‡∫◊ÈÕßµâπæ∫«à“
¢âÕ¡Ÿ≈§à“ ‘π‰À¡∑¥·∑π¡’°“√·®°·®ß¢Õß¢âÕ¡Ÿ≈‡ªìπ≈—°…≥–‡∫â¢«“ ·≈–¡’§«“¡·ª√ª√«π‰¡à§ß∑’Ë ‡¡◊ËÕπ”
¡“∑”°“√ª√–¡“≥§à“æ“√“¡‘‡µÕ√å„πµ—«·∫∫®–∑”„Àâ‡°‘¥ªí≠À“§«“¡§≈“¥‡§≈◊ËÕπ¢Õß§à“æ“√“¡‘‡µÕ√å¡’§à“
µË”‡°‘π‰ª ®÷ß‰¥â∑”°“√·ª≈ß§à“µ—«·ª√§à“ ‘π‰À¡∑¥·∑π∑’Ë¡’°“√·®°·®ß·∫∫‡∫â¢«“¥â«¬«‘∏’ Box-Cox [9]
‚¥¬Õ“»—¬À≈—°°“√·ª≈ß¢âÕ¡Ÿ≈¥—ßπ’È

Xj

loge(Xj) ; λ = 0

; λ ≠ 0
(λ)

λ

(Xj -1)λ=
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‡¡◊ËÕ Xj §◊Õ µ—«·ª√Õ‘ √–µ—«∑’Ë j ; j = 1, 2,..., k ·≈– λ §◊Õ §à“æ“√“¡‘‡µÕ√å°“√·ª≈ß µ—«·ª√
§à“ ‘π‰À¡∑¥·∑π¡’∫“ß§à“‡ªìπ»Ÿπ¬å ∑”„Àâ‰¡à “¡“√∂∑”°“√·ª≈ß¢âÕ¡Ÿ≈‰¥âÀ“°°”Àπ¥ λ = 0 ®÷ß‰¥â∑¥≈Õß
‡ª≈’Ë¬π§à“ λ ∑’Ë‡À¡“– ¡ ´÷Ëß„π°“√»÷°…“π’È‰¥â∑”°“√∑¥≈Õß®π‰¥â§à“°“√·ª≈ß¢âÕ¡Ÿ≈∑’Ë‡À¡“– ¡ §◊Õ λ = 0.1
‡√’¬°µ—«·ª√π’È‡ªìπ§à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ ´÷Ëß®–„™â‡ªìπµ—«·ª√Õ‘ √–„πµ—«·∫∫µàÕ‰ª ·≈–∑”°“√·∫àß
¢âÕ¡Ÿ≈‡ªìπ 2 ™ÿ¥ ‚¥¬„™âÀ≈—°«‘∏’ Cross-Validation [10] π”¡“æ—≤π“µ—«·∫∫∑“ß ∂‘µ‘ ”À√—∫®”π«π°“√
‡√’¬°§à“ ‘π‰À¡∑¥·∑π ¥â«¬«‘∏’°“√ ÿà¡Õ¬à“ßßà“¬ §◊Õ ∑”°“√ ÿà¡¢π“¥µ—«Õ¬à“ß√âÕ¬≈– 70 ¢Õß¢âÕ¡Ÿ≈∑—ÈßÀ¡¥
‡ªìπ™ÿ¥¢âÕ¡Ÿ≈Ωñ° Õπ ”À√—∫π”¡“æ—≤π“µ—«·∫∫∑“ß ∂‘µ‘·∑π°“√„™â¢âÕ¡Ÿ≈∑—ÈßÀ¡¥ ·≈–∑’Ë‡À≈◊Õ√âÕ¬≈– 30
‡ªìπ™ÿ¥¢âÕ¡Ÿ≈∑¥ Õ∫‡ªìπ¢âÕ¡Ÿ≈ ”À√—∫π”¡“∑”π“¬®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π ‚¥¬„™âµ—«·∫∫∑“ß
 ∂‘µ‘∑’Ëª√–¡“≥§à“æ“√“¡‘‡µÕ√å‰¥â®“°™ÿ¥¢âÕ¡Ÿ≈Ωñ° Õπ ‚¥¬¢âÕ¡Ÿ≈∑’Ë∑”°“√·∫àß·≈â«µâÕßπ”¡“µ√«® Õ∫
≈—°…≥–·≈–°“√·®°·®ß¢Õß¢âÕ¡Ÿ≈∑—Èß Õß™ÿ¥®–µâÕß¡’≈—°…≥–‡™àπ‡¥’¬«°—∫¢âÕ¡Ÿ≈∑—ÈßÀ¡¥

¢—ÈπµÕπ 2 π”¢âÕ¡Ÿ≈Ωñ° Õπ¡“æ—≤π“µ—«·∫∫∑“ß ∂‘µ‘ ‡√‘Ë¡®“°°“√«‘‡§√“–Àåµ—«·ª√‡¥’¬«
(Univariate Analysis) √–À«à“ßµ—«·ª√µ“¡®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π°—∫µ—«·ª√Õ‘ √–∑’≈–µ—«°—∫
µ—«·∫∫µàÕ‰ªπ’È

- µ—«·∫∫ GEE ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ
·∫∫ AR(1) ·≈– CS æ‘®“√≥“®“°µ—« ∂‘µ‘∑¥ Õ∫ Wald

- µ—«·∫∫ GLMMs ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡
∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS æ‘®“√≥“®“°µ—« ∂‘µ‘∑¥ Õ∫ t

µàÕ®“°π—Èπµ—«·ª√Õ‘ √–∑’Ë„Àâ p-value πâÕ¬°«à“ 0.20 ∑’Ë‰¥â®“°·µà≈–µ—«·∫∫π”‰ª‡ªìπµ—«·ª√π”
‡¢â“ ”À√—∫°“√«‘‡§√“–ÀåæÀÿµ—«·ª√ (Multivariate Analysis) ‡æ◊ËÕ§—¥‡≈◊Õ°µ—«·ª√Õ‘ √–¥â«¬«‘∏’ Forward
Stepwise „πµ—«·∫∫ GEE ‚¥¬æ‘®“√≥“®“° p-value ¢Õßµ—« ∂‘µ‘∑¥ Õ∫ Generalized Score Statistic
·≈–„πµ—«·∫∫ GLMMs æ‘®“√≥“®“° p-value ¢Õßµ—« ∂‘µ‘∑¥ Õ∫ G (Residual Log Pseudo-
Likelihood Ratio Test Statistic) µ“¡‡°≥±å°“√§—¥‡≈◊Õ°µ—«·ª√Õ‘ √–‡¢â“µ—«·∫∫∑’Ë√–¥—∫π—¬ ”§—≠∑“ß
 ∂‘µ‘ 0.15 (PE = 0.15) ·≈–‡°≥±å°“√§—¥‡≈◊Õ°µ—«·ª√Õ‘ √–ÕÕ°®“°µ—«·∫∫∑’Ë√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘
0.20 (PR = 0.20) [11]

¢—ÈπµÕπ 3 π”µ—«·ª√Õ‘ √–∑’Ëºà“π°“√§—¥‡≈◊Õ°∑—ÈßÀ¡¥®“°™ÿ¥¢âÕ¡Ÿ≈Ωñ° Õπ¡“ √â“ßµ—«·∫∫∑“ß
 ∂‘µ‘·≈–∑”°“√∑”π“¬®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π √«¡∑—Èßπ”µ—«·∫∫∑’Ë‰¥â®“°™ÿ¥¢âÕ¡Ÿ≈Ωñ° Õπ¡“
∑”π“¬®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π„π™ÿ¥¢âÕ¡Ÿ≈∑¥ Õ∫ ·≈–§”π«≥§à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß
(R2

p ) „π™ÿ¥¢âÕ¡Ÿ≈Ωñ° Õπ ·≈–¢âÕ¡Ÿ≈∑¥ Õ∫«à“¡’§à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß„°≈â‡§’¬ß°—πÀ√◊Õ‰¡à
∂â“¡’§à“„°≈â‡§’¬ß°—πÀ√◊Õ¡“°°«à“π—Èπ · ¥ß«à“ “¡“√∂π”µ—«·ª√Õ‘ √–∑’Ëºà“π°“√§—¥‡≈◊Õ°®“°¢âÕ¡Ÿ≈Ωñ° Õπ¡“
«‘‡§√“–Àå„π™ÿ¥¢âÕ¡Ÿ≈∑—ÈßÀ¡¥µàÕ‰ª‰¥â

¢—ÈπµÕπ 4 À“µ—«·∫∫ ”À√—∫¢âÕ¡Ÿ≈®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë‡À¡“– ¡®“°°“√
«‘‡§√“–Àå¢âÕ¡Ÿ≈∑—ÈßÀ¡¥‚¥¬„™âµ—«·ª√Õ‘ √–∑’Ëºà“π°“√§—¥‡≈◊Õ°®“°™ÿ¥¢âÕ¡Ÿ≈Ωñ° Õπ ®“°µ—«·∫∫ GEE ‡¡◊ËÕ
°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS ‚¥¬
æ‘®“√≥®“°§à“ ∂‘µ‘ Chi-Square of Residuals/DF ·≈–§à“ (R2

p ) ·≈–®“°µ—«·∫∫ GLMMs ‡¡◊ËÕ
°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS ‚¥¬
æ‘®“√≥“®“°§à“ ∂‘µ‘ Generalized Chi-Square/DF §à“ Pseudo-AIC §à“ Pseudo-BIC ·≈–§à“ (R2

p )
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°“√»÷°…“π’È‰¥âÕ“»—¬∑ƒ…Æ’∑’Ë‡°’Ë¬«¢âÕß¥—ßπ’È
1. µ—«·∫∫ Generalized Estimating Equations (GEE)

„π°“√»÷°…“π’Èµ—«·ª√µ“¡À√◊Õ Y ‡ªìπ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π„π°“√ª√–°—π¿—¬∑’Ë¡’
°“√·®°·®ß·∫∫ªí« å´ß «‘∏’ GEE ®– ¡¡µ‘„Àâ yij §◊Õ §à“ —ß‡°µ¢ÕßÀπà«¬»÷°…“∑’Ë i = 1,2,...,s ®“°°“√«—¥
§√—Èß∑’Ë j = 1,2,...,t ·≈–¡’§«“¡ —¡æ—π∏å°—∫‡«°‡µÕ√å§à“ —ß‡°µ¢Õßµ—«·ª√Õ‘ √– X1,...,Xk ∑’Ë‰¥â®“°°“√«—¥
§√—Èß∑’Ë j §◊Õ ‡¡◊ËÕ x′k j  = (1 xij,...,xpj) ‡¡◊ËÕ k = 1,2,...,p  “¡“√∂‡¢’¬πµ—«·∫∫ GEE  ”À√—∫°“√«‘‡§√“–Àå
Marginal Model ¥—ßπ’È [12]

loge(µij) = β0 + β1x1ij + β2x2ij +...+ βpxpij + eij (1)

‚¥¬ª√–°Õ∫¥â«¬≈—°…≥– 3 ¢âÕ §◊Õ
1. §à“‡©≈’Ë¬¢Õßµ—«·ª√µ“¡ (µij) ®–¡’§«“¡ —¡æ—π∏å°—∫µ—«∑”π“¬‡™‘ß‡ âπºà“π∑“ßøíß°å™—π‡™◊ËÕ¡

‚¬ß¢Õß Log Link ¥—ßπ’È

g(µij) = loge(µij) = x′k j β

2. §«“¡·ª√ª√«π¢Õßµ—«·ª√µ“¡ ‡¡◊ËÕ∂Ÿ°°”Àπ¥¥â«¬§à“¢Õßµ—«·ª√Õ‘ √–®–¢÷Èπ°—∫§à“‡©≈’Ë¬¢Õß
µ—«·ª√µ“¡π—Èπ

®“° Var(Yij) = φ Var(µij) ‡¡◊ËÕ Var(µij) = µij ·≈– φ  = 1 ®–‰¥â Var(Yij) = µij

3. §«“¡ —¡æ—π∏å√–À«à“ß§à“ —ß‡°µ¢ÕßÀπà«¬»÷°…“‡¥’¬«°—π∑’Ëª√“°Æ„π Working Correlation
Matrix ®– ¡¡µ‘„ÀâÕ¬Ÿà„π√Ÿª·∫∫¢Õß AR(1) ·≈– CS ¥—ßπ’È

3.1 AR(1) ¡’‚§√ß √â“ß¥—ßπ’È

Corr(yij,yij+t) = ρt
 fot t = 1,2, ..., ni-j ‡¢’¬π„π√Ÿª‡¡∑√‘°´å §◊Õ

§«“¡ —¡æ—π∏å¢Õß§à“ —ß‡°µ¿“¬„πÀπà«¬»÷°…“‡¥’¬«°—π®–¡’§à“≈¥≈ßµ“¡√–¬–Àà“ß¢Õß™à«ß‡«≈“
∑’Ë‡°Á∫¢âÕ¡Ÿ≈´È” ´÷Ëß§à“§«“¡ —¡æ—π∏å®–Õ¬Ÿà„π√Ÿª¢Õß ρt ‡¡◊ËÕ t §◊Õ ®”π«π™à«ß‡«≈“°àÕπÀπâ“ (lag time) ‡¡◊ËÕ
t = 1,2 ..., ni-j

1 ρ …ρ2 ρn-1

ρ 1 ρ … ρn-2

ρ2 ρ 1 … ρn-3

ρn-1 ρn-2 ρn-3 1…

… … … ……
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3.2 CS ¡’‚§√ß √â“ß¥—ßπ’È

1 ; j = k
Corr(yij,yik) = ρ ; j ≠ k    ‡¢’¬π„π√Ÿª‡¡∑√‘°´å §◊Õ

§«“¡ —¡æ—π∏å¢Õß§à“ —ß‡°µ¿“¬„πÀπà«¬»÷°…“‡¥’¬«°—π®–¡’§à“‡∑à“°—π ‡∑à“°—∫ ρ ≥ ™à«ß‡«≈“∑’Ë
j ≠ k ´÷Ëßµ—«·∫∫ GEE ®–∑”°“√ª√–¡“≥§à“æ“√“¡‘‡µÕ√å¥â«¬«‘∏’ Quasi - Likelihood ‚¥¬„™â‚ª√·°√¡ ∂‘µ‘
SAS ¥â«¬§” —Ëß PROC GENMOD [13]

2. µ—«·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (Generalized Linear Mixed Models, GLMMs)
µ—«·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (GLMMs) ª√–°Õ∫¥â«¬‡∑Õ¡Õ‘∑∏‘æ≈§ß∑’Ë·≈–Õ‘∑∏‘æ≈ ÿà¡

‡¡◊ËÕµ—«·ª√µ“¡ Y §◊Õ ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π ∑’Ë¡’°“√·®°·®ß·∫∫ªí« å´ß  “¡“√∂‡¢’¬πµ—«·∫∫
GLMMs ‰¥â¥—ßπ’È [13]

loge(µij) = β0 + β1x1ij + β2xij2 +...+ βpxijk + ui + εij (2)

‚¥¬ª√–°Õ∫¥â«¬≈—°…≥– 3 ¢âÕ §◊Õ
1. §à“‡©≈’Ë¬¢Õßµ—«·ª√µ“¡·∫∫¡’‡ß◊ËÕπ‰¢∑’Ë¢÷Èπ°—∫ ui (µij) ®–¡’§«“¡ —¡æ—π∏å‡™‘ß‡ âπ°—∫‡∑Õ¡

Õ‘∑∏‘æ≈§ß∑’Ë·≈–‡∑Õ¡Õ‘∑∏‘æ≈ ÿà¡ ºà“πøíß°å™—π‡™◊ËÕ¡‚¬ß„π√Ÿª·∫∫≈ÁÕ°¢Õßµ—«∑”π“¬‡™‘ß‡ âπ §◊Õ

®“° E(Yijui = Xijβ + Zijui (3)

ηij = Xijβ + Zijui ‡¡◊ËÕ ηij = loge {E(Yijui)}

®–‰¥â loge {E(Yijui)} = Xijβ + Zijui (4)

‚¥¬∑’Ë Yij §◊Õ §à“ —ß‡°µ¢Õßµ—«·ª√µ“¡ ”À√—∫Àπà«¬»÷°…“∑’Ë i «—¥§√—Èß∑’Ë j ¡’ Xij §◊Õ ‡¡∑√‘°´å
¢Õßµ—«·ª√Õ‘ √–À√◊ÕÕ‘∑∏‘æ≈§ß∑’Ë∑’Ë¡’ k µ—«·ª√ ”À√—∫Àπà«¬»÷°…“∑’Ë i «—¥§√—Èß∑’Ë j ‚¥¬¡’¢π“¥‡¡∑√‘°´å
n x p ; p = k +1, β §◊Õ‡«°‡µÕ√å¢Õßæ“√“¡‘‡µÕ√åÕ‘∑∏‘æ≈§ß∑’Ë∑’Ë¡’¢π“¥ p x 1, Zij §◊Õ‡¡∑√‘°´å¢ÕßÕ‘∑∏‘æ≈
 ÿà¡∑’Ë¡’ q µ—«·ª√ ”À√—∫Àπà«¬»÷°…“∑’Ë i «—¥§√—Èß∑’Ë j ∑’Ë¡’¢π“¥ n x q ‚¥¬ q ≤ p, ui §◊Õ‡«°‡µÕ√å¢Õßæ“√“
¡‘‡µÕ√åÕ‘∑∏‘æ≈ ÿà¡¢ÕßÀπà«¬»÷°…“∑’Ë i ∑’Ë¡’¢π“¥ q x 1 ‡¡◊ËÕ ui ~ N(0,G) ·≈– εi §◊Õ‡«°‡µÕ√å¢Õß
§«“¡§≈“¥‡§≈◊ËÕπ¢ÕßÀπà«¬»÷°…“∑’Ë i ‡¡◊ËÕ εi ~ N(0,Ri)

1 ρ ρ ρ

ρ 1 ρ ρ

ρ ρ 1 ρ

ρ ρ ρ 1

…

…

…

…
… … … ……

_

_

_

_
_
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2. µ—«·ª√µ“¡¡’°“√·®°·®ß·∫∫ªí« å´ß  “¡“√∂À“§à“ Var(Yijui) ·≈–§à“ E (Yijui) §◊Õ

Var(Yijui) = E(Yijui) ‚¥¬∑’Ë§à“ φ = 1

‡π◊ËÕß®“°§à“‡©≈’Ë¬·≈–§à“§«“¡·ª√ª√«π¢Õß°“√·®°·®ß·∫∫ªí« å´ß®–¡’§à“‡∑à“°—π

3. ‡¡◊ËÕ°”Àπ¥ ui ¡’°“√·®°·®ßª°µ‘æÀÿµ—«·ª√ (Multivariate Normal Distribution) §◊Õ
ui ~  N(0,G) ‡¡◊ËÕ G ‡ªìπ‡¡∑√‘°´å§«“¡·ª√ª√«π√à«¡ ·≈–‡ªìπÕ‘ √–°—∫ Xij ‚¥¬‡¢’¬π‚§√ß √â“ß§«“¡
·ª√ª√«π√à«¡¢Õßµ—«·ª√µ“¡‰¥â¥—ßπ’È

Var(Yi) = Var(Ziui) + Var(εi)
= ZiGZ′

i +Ri

„π°“√»÷°…“π’È‡ªìπ¢âÕ¡Ÿ≈°“√«—¥ È́”®– ¡¡µ‘„Àâ‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡‡ªìπ·∫∫ AR(1) ‡¢’¬π
„π√Ÿª‡¡∑√‘°´å ¥—ßπ’È

Ri = Var(εi) =

‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡·∫∫ AR(1) ®–°”Àπ¥„Àâ·µà≈–§à“ —ß‡°µ¢ÕßÀπà«¬»÷°…“∑’Ë i ¡’
§«“¡·ª√ª√«π‡∑à“°—π  à«π§«“¡·ª√ª√«π√à«¡√–À«à“ß§à“ —ß‡°µ®–‰¡à‡∑à“°—π ”À√—∫∫ÿ§§≈‡¥’¬«°—π ·µà®–
≈¥≈ß‡¢â“„°≈â»Ÿπ¬å‡¡◊ËÕ™à«ßÀà“ß‡«≈“¢Õß°“√«—¥´È”¢âÕ¡Ÿ≈¡“°¢÷Èπ

·≈–¡’‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡‡ªìπ·∫∫ CS ‡¢’¬π„π√Ÿª‡¡∑√‘°´å ¥—ßπ’È

Ri = Var(εi) =

§à“ —ß‡°µ®–¡’§à“§«“¡·ª√ª√«π√à«¡„π·µà≈–§Ÿà‡∑à“°—π ”À√—∫Àπà«¬»÷°…“‡¥’¬«°—π

„π°“√«‘‡§√“–Àåµ—«·∫∫ GLMMs ‰¥â„™â§” —Ëß PROC GLIMMIX ®“°‚ª√·°√¡ ”‡√Á®√Ÿª SAS
[14] ‚¥¬∑”°“√ª√–¡“≥§à“æ“√“¡‘‡µÕ√å„π‡∑Õ¡Õ‘∑∏‘æ≈§ß∑’Ë¥â«¬«‘∏’ Restricted Pseudo-likelihood (REPL)
·≈–ª√–¡“≥§à“„π‡∑Õ¡Õ‘∑∏‘æ≈ ÿà¡¥â«¬«‘∏’ Maximum Likelihood [15]

_

σ2ρ …
…

…

… … … …

σ2ρ σ2ρni-2σ2

σ2ρni-1

σ2ρni-1 σ2ρni-2 σ2

σ2

σ1 σ1σ2+σ1

σ1

σ1 σ1 σ2+σ1

σ2+σ1 σ1

…
…

…

… … … …
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µ“√“ß∑’Ë 1 °“√µ√«® Õ∫§«“¡‡À¡“– ¡¢Õßµ—«·∫∫

µ—«·∫∫ Generalized Estimating Equations (GEE)

°“√µ√«® Õ∫§«“¡‡À¡“– ¡¢Õßµ—«·∫∫ [16]
1. Pearson Chi-Square of Residuals/DF ‚¥¬§à“∑’Ë
‡À¡“– ¡®–¡’§à“‡¢â“„°≈â 1 ·µà‰¡à§«√¡“°°«à“ 1 ‡æ√“–
Õ“®∑”„Àâ‡°‘¥ªí≠À“¡’§à“§«“¡·ª√ª√«π¡“°‡°‘π®√‘ß (over-
dispersion) ‡π◊ËÕß®“°°“√·®°·®ß·∫∫ªí« ǻ ß®–¡’§à“ φ=1
2. §à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß (Percent age of cor-
rect predictions) À√◊Õ R2 

p
 „™â«—¥§«“¡∂Ÿ°µâÕß„π°“√

∑”π“¬§”π«≥‰¥â¥—ßπ’È

R
2 
p
  = ®”π«π§à“ —ß‡°µ∑’Ë∑”π“¬∂Ÿ° x

 
100

®”π«π§à“ —ß‡°µ∑—ÈßÀ¡¥

µ—«·∫∫º ¡‡™‘ß‡ âπ«“ßπ—¬∑—Ë«‰ª (GLMMs)

°“√µ√«® Õ∫§«“¡‡À¡“– ¡¢Õßµ—«·∫∫ [16]
1. Generalized Chi-Square/DF ‚¥¬§à“∑’Ë‡À¡“– ¡®–¡’
§à“‡¢â“„°≈â 1 ·µà‰¡à§«√¡“°°«à“ 1 ‡æ√“–Õ“®∑”„Àâ‡°‘¥
ªí≠À“¡’§à“§«“¡·ª√ª√«π¡“°‡°‘π®√‘ß (over - dispersion)
‡π◊ËÕß®“°°“√·®°·®ß·∫∫ªí« å´ß®–¡’§à“ φ=1
2. §à“ Pseudo-AIC (Akaikeûs Information Criterion)
·≈–§à“ Pseudo-BIC (Bayesû Information Criterion)
 ”À√—∫µ√«® Õ∫§«“¡‡À¡“– ¡¢Õßµ—«·∫∫ GLMMs ‡¡◊ËÕ
‡≈◊Õ°„™â‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡µà“ß°—π §à“ Pseudo-
AIC À√◊Õ Pseudo-BIC ¢Õßµ—«·∫∫∑’Ë¡’§à“µË”°«à“· ¥ß«à“
µ—«·∫∫π—Èπ‡ªìπµ—«·∫∫∑’Ë‡À¡“– ¡°—∫¢âÕ¡Ÿ≈¡“°°«à“

Pseudo-AIC = -21 + 2d
Pseudo-BIC = -21 + d loge n

‡¡◊ËÕ l §◊Õ Log Likelihood, d §◊Õ ®”π«πæ“√“¡‘‡µÕ√å
·≈– n §◊Õ ¢π“¥µ—«Õ¬à“ß
3. §à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß (Percentage of cor-
rect predictions) À√◊Õ R2 

p   „™â«—¥§«“¡∂Ÿ°µâÕß„π°“√∑”π“¬
§”π«≥‰¥â¥—ßπ’È

R
2 
p
   =  ®”π«π§à“ —ß‡°µ∑’Ë∑”π“¬∂Ÿ° x 100

®”π«π§à“ —ß‡°µ∑—ÈßÀ¡¥

º≈°“√»÷°…“
1. ®“°°“√»÷°…“≈—°…≥–¢âÕ¡Ÿ≈‡∫◊ÈÕßµâπ‡¡◊ËÕ∑”°“√·∫àß¢âÕ¡Ÿ≈∑—ÈßÀ¡¥‡ªìπ¢âÕ¡Ÿ≈Ωñ° Õπ ·≈–

¢âÕ¡Ÿ≈∑¥ Õ∫æ∫«à“ ¢âÕ¡Ÿ≈Ωñ° Õπ·≈–¢âÕ¡Ÿ≈∑¥ Õ∫¡’≈—°…≥–¢Õß¢âÕ¡Ÿ≈‡ªìπ·∫∫‡¥’¬«°—∫¢âÕ¡Ÿ≈∑—ÈßÀ¡¥
®÷ß “¡“√∂π”¡“æ—≤π“µ—«·∫∫µàÕ‰ª‰¥â

2. º≈°“√æ—≤π“µ—«·∫∫ GEE ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“
 ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS ·≈–µ—«·∫∫ GLMMs ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡
¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS ®“°°“√«‘‡§√“–Àåµ—«·ª√‡¥’¬«·≈–°“√
«‘‡§√“–ÀåÀ≈“¬µ—«·ª√¡’µ—«·ª√Õ‘ √–∑’Ëºà“π°“√§—¥‡≈◊Õ°‡À¡◊Õπ°—π‚¥¬æ‘®“√≥“®“° p-value ∑’ËπâÕ¬°«à“ 0.20
§◊Õ §à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ Õ“¬ÿ√∂¬πµå °≈ÿà¡Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ Õ“™’æ ·≈–‡æ» ´÷Ëß‰¥âº≈°“√
«‘‡§√“–Àåµ—«·∫∫∑“ß ∂‘µ‘ ”À√—∫¢âÕ¡Ÿ≈®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π®“°µ—«·∫∫ GEE ‡¡◊ËÕ¡’‚§√ß √â“ß
§«“¡ —¡æ—π∏å‡ªìπ·∫∫ AR(1) ·≈– CS ·≈–µ—«·∫∫ GLMMs ‡¡◊ËÕ‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß
®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS · ¥ß„πµ“√“ß∑’Ë 2 ·≈– 3 ¥—ßπ’È
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µ“√“ß∑’Ë 2 º≈«‘‡§√“–Àåµ—«·∫∫ GEE ‡¡◊ËÕ‚§√ß √â“ß§«“¡ —¡æ—π∏å‡ªìπ·∫∫ AR(1) ·≈– CS

µ—«·∫∫ GEE
µ—«·ª√Õ‘ √–

AR(1) CS
Fixed-effect Parameter Estimate (S.E.) Z [p-value] Estimate (S.E.) Z [p-value]

§à“§ß∑’Ë (INTERCEPT) -1.8074 (0.0530) -34.08 [<.0001]* -2.0178 (0.0612) -32.97 [<.0001]*

§à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ 0.1464 (0.0029) 50.23 [<.0001]* 0.1574 (0.0037) 42.97 [<.0001]*

Õ“¬ÿ√∂¬πµå 0.0452 (0.0025) 18.15 [<.0001]* 0.0527 (0.0027) 19.20 [<.0001]*

Õ“¬ÿºŸâ∑”ª√–°—π¿—¬

18-24 ªï 0.1113 (0.0835) 1.33 [0.1828] 0.1435 (0.0909) 1.58 [0.1143]

25-35 ªï 0.1656 (0.0350) 4.73 [<.0001]* 0.1737 (0.0397) 4.38 [<.0001]*

36-50 ªï 0.0787 (0.0329) 2.39 [0.0168]* 0.0824 (0.0376) 2.19 [0.0282]*

Õ“™’æ 0.3488 (0.0495) 7.04 [<.0001]* 0.3536 (0.0538) 6.58 [<.0001]*

‡æ» -0.0366 [0.0190] -1.92 [0.0546] -0.0428 (0.0209) -2.05 [0.0404]*

Model fit Criteria AR(1) CS

Pearson Chi-Square of residual 11682.680 11414.060

Pearson Chi-Square of residual/DF 0.64 0.63

R2 
p
  (%) ¢Õß Ŷ 52.32 52.05

À¡“¬‡Àµÿ ‡¡◊ËÕ * ¡’√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘∑’Ë√–¥—∫ 0.05
S.E. §◊Õ §à“§«“¡§≈“¥‡§≈◊ËÕπ¡“µ√∞“π¢Õß§à“ —¡ª√– ‘∑∏‘Ï°“√∂¥∂Õ¬
 Ŷ §◊Õ ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë∑”π“¬®“°µ—«·∫∫
R2

p §◊Õ §à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß

®“°µ“√“ß∑’Ë 2 æ∫«à“ °“√«‘‡§√“–Àå¥â«¬µ—«·∫∫ GEE ‡¡◊ËÕ‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π
°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) æ∫«à“ ªí®®—¬∑’Ë¡’º≈µàÕ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë
√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘ 0.05 §◊Õ §à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ Õ“¬ÿ√∂¬πµå °≈ÿà¡Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ ·≈–
Õ“™’æ ¬°‡«âπªí®®—¬¥â“π‡æ»  à«π°“√«‘‡§√“–Àåµ—«·∫∫ GEE ‡¡◊ËÕ‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√
‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ CS ªí®®—¬∑’Ë¡’º≈µàÕ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë√–¥—∫π—¬ ”§—≠∑“ß
 ∂‘µ‘ 0.05 §◊Õ §à“ ‘π‰À¡∑¥·∑π Õ“¬ÿ¢Õß√∂¬πµå °≈ÿà¡Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ Õ“™’æ ·≈–‡æ» ‡¡◊ËÕæ‘®“√≥“
§«“¡‡À¡“– ¡¢Õßµ—«·∫∫æ∫«à“ §à“ ∂‘µ‘¢Õß°“√«‘‡§√“–Àåµ—«·∫∫ GEE ‡¡◊ËÕ‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß
®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ¡’§à“ ∂‘µ‘ Pearson Chi-Square of residual/DF ‡∑à“°—∫
0.64  à«π√Ÿª·∫∫ CS ¡’§à“ ∂‘µ‘ Pearson Chi-Square of residual/DF ‡∑à“°—∫ 0.63 ‚¥¬√Ÿª·∫∫ AR(1)
¡’§à“ Pearson Chi-Square of residual ·≈–‡¢â“„°≈â§à“Õß»“§«“¡‡ªìπÕ‘ √– (Degree of freedom) ¡“°
°«à“√Ÿª·∫∫ CS ·≈–¡’§à“ Pearson Chi-Square of residual/DF „°≈â‡§’¬ß°—π ·µà¡’§à“πâÕ¬°«à“ 1 · ¥ß
«à“‰¡à‡°‘¥ªí≠À“¡’§à“§«“¡·ª√ª√«π‡°‘π®√‘ß ·≈–æ‘®“√≥“§à“√âÕ¬≈–¢Õß§«“¡∂Ÿ°µâÕß∑’Ë‰¥â®“°°“√∑”π“¬¢Õß
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µ—«·∫∫ GEE ‡¡◊ËÕ‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS
¡’§à“§«“¡∂Ÿ°µâÕß‡∑à“°—∫√âÕ¬≈– 52.32 ·≈– 52.05 µ“¡≈”¥—∫ ´÷Ëß¡’§à“„°≈â‡§’¬ß°—π

µ“√“ß∑’Ë 3 º≈«‘‡§√“–Àåµ—«·∫∫ GLMMs ‡¡◊ËÕ‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡‡ªìπ·∫∫ AR(1) ·≈– CS

µ—«·∫∫ GLMMs
µ—«·ª√Õ‘ √–

AR(1) CS

Fixed-effect Parameter Estimate (S.E.) t [p-value] Estimate (S.E.) t [p-value]

§à“§ß∑’Ë (INTERCEPT) -2.7130 (0.0467) -58.07 [<.0001]* -2.9525 (0.0458) -64.54 [<.0001]*

§à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ 0.1805 (0.0024) 75.19 [<.0001]* 0.1904 (0.0025) 76.69 [<.0001]*

Õ“¬ÿ√∂¬πµå 0.0861 (0.0026) 32.82 [<.0001]* 0.0938 (0.0030) 31.55 [<.0001]*

Õ“¬ÿºŸâ∑”ª√–°—π¿—¬

18-24 ªï 0.1390 (0.0862) 1.61 [0.1068] 0.1445 (0.0886) 1.63 [0.1028]

25-35 ªï 0.1703 (0.0310) 5.49 [<.0001]* 0.1755 (0.0323) 5.43 [<.0001]*

36-50 ªï 0.0744 (0.0288) 2.58 [0.0098]* 0.0751 (0.0301) 2.50 [0.0126]*

Õ“™’æ 0.3105 (0.0514) 6.04 [<.0001]* 0.3054 (0.0537) 5.69 [<.0001]*

‡æ» -0.0487 (0.0179) -2.72 [0.0065]* -0.0517 (0.0186) -2.79 [0.0053]*

Random Subject Effect Estimate (S.E.) Estimate (S.E.)

Subject 1 0.4135 (0.2593) 0.5648 (0.1876)

Subject 2 -0.4155 (0.2105) -0.4252 (0.1606)

Model fit Criteria AR(1) CS

Generalized Chi-Square 3345.96 2677.77

Generalized Chi-Square/DF 0.18 0.15

Pseudo-AIC 36630.43 40278.53

Pseudo-BIC 36649.03 40290.93

R2 
p
  (%) of Yu 76.28 79.36

R2 
p
  (%) ¢Õß  Ŷ 53.34 53.38

À¡“¬‡Àµÿ ‡¡◊ËÕ * ¡’√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘∑’Ë√–¥—∫ 0.05
S.E. §◊Õ §à“§«“¡§≈“¥‡§≈◊ËÕπ¡“µ√∞“π¢Õß§à“ —¡ª√– ‘∑∏‘Ï°“√∂¥∂Õ¬
 Ŷ  u §◊Õ ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë∑”π“¬®“°µ—«·∫∫

‡¡◊ËÕ¡’‡∑Õ¡Õ‘∑∏‘æ≈§à“§ß∑’Ë ÿà¡
R2

p §◊Õ §à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß
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·≈–®“°µ“√“ß∑’Ë 3 æ∫«à“ °“√«‘‡§√“–Àå¥â«¬µ—«·∫∫ GLMMs ‡¡◊ËÕ‚§√ß √â“ß§«“¡·ª√ª√«π
√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) æ∫«à“ ªí®®—¬∑’Ë¡’º≈µàÕ®”π«π°“√‡√’¬°§à“
 ‘π‰À¡∑¥·∑π∑’Ë√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘ 0.05 ‡À¡◊Õπ°—π §◊Õ §à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ Õ“¬ÿ¢Õß√∂¬πµå
°≈ÿà¡Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ Õ“™’æ ·≈–‡æ»  à«π°“√«‘‡§√“–Àåµ—«·∫∫ GLMMs ‡¡◊ËÕ‚§√ß √â“ß§«“¡·ª√ª√«π
√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ CS ¡’ªí®®—¬‡™àπ‡¥’¬«°—π°—∫‚§√ß √â“ß§«“¡·ª√ª√«π
√à«¡·∫∫ AR(1) ‡¡◊ËÕµ√«® Õ∫§«“¡‡À¡“– ¡¢Õßµ—«·∫∫æ∫«à“ §à“ ∂‘µ‘¢Õß°“√«‘‡§√“–Àåµ—«·∫∫ GLMMs
‡¡◊ËÕ‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ·≈– CS ¡’§à“ ∂‘µ‘
Generalized Chi-Square/DF ‡∑à“°—∫ 0.18 ·≈– 0.15 µ“¡≈”¥—∫ ´÷Ëß¡’§à“πâÕ¬°«à“ 1 · ¥ß«à“‰¡à‡°‘¥
ªí≠À“‰¥â§à“§«“¡·ª√ª√«π¡“°‡°‘π®√‘ß ·≈–æ‘®“√≥“§à“√âÕ¬≈–¢Õß§«“¡∂Ÿ°µâÕß∑’Ë‰¥â®“°°“√∑”π“¬¢Õß
µ—«·∫∫· ¥ß¿“æ√«¡¢Õß§à“‡©≈’Ë¬ª√–™“°√¡’§à“‡∑à“°—∫ 53.34 ·≈– 53.38 µ“¡≈”¥—∫  à«π§à“√âÕ¬≈–¢Õß
§«“¡∂Ÿ°µâÕß∑’Ë‰¥â®“°°“√∑”π“¬¢Õßµ—«·∫∫‡¡◊ËÕ‡æ‘Ë¡‡∑Õ¡Õ‘∑∏‘æ≈¢Õß§à“§ß∑’Ë ÿà¡„π·µà≈–∫ÿ§§≈À√◊ÕÀπà«¬
»÷°…“¡’§à“‡∑à“°—∫ 76.28 ·≈– 79.36

3. º≈°“√µ√««® Õ∫§«“¡‡À¡“– ¡¢Õßµ—«·∫∫∑’Ëæ—≤π“®“°µ—«·∫∫ GEE ·≈–µ—«·∫∫ GLMMs
«à“¡’§«“¡‡À¡“– ¡°—∫¢âÕ¡Ÿ≈À√◊Õ‰¡à ‚¥¬∑”·ºπ¿“æ°“√°√–®“¬¢Õß§à“ Residuals §Ÿà°—∫ Predicted À√◊Õ
§à“ª√–¡“≥∫π‡ âπ∂¥∂Õ¬ „π√–¬–‡«≈“µ‘¥µ“¡ 5 ªï ¢Õß°“√∑”ª√–°—π¿—¬√∂¬πµåæ∫«à“ °“√°√–®“¬¢Õß
¢âÕ¡Ÿ≈¡’§«“¡ —¡æ—π∏å°—π≈—°…≥–·∫∫‡ âπ‚§âß À√◊ÕÕ¬Ÿà„π√Ÿª·∫∫‡Õ°´å‚ª‡ππ‡™’¬≈ ´÷Ëßµ√ßµ“¡°—∫≈—°…≥–
¢Õßµ—«·∫∫∑’Ëµ—«·ª√Õ¬Ÿà„π√Ÿª¢Õß≈ÁÕ°°“√‘∑÷¡ ‚¥¬µ—«·ª√µ“¡À√◊Õ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π¡’°“√
·®°·®ß·∫∫ªí« å´ß ¥—ßπ—Èπµ—«·∫∫®÷ß¡’§«“¡‡À¡“– ¡°—∫¢âÕ¡Ÿ≈∑’Ë„™â„π°“√»÷°…“ ¥—ß· ¥ß„π√Ÿª∑’Ë 1 ∂÷ß 4

4. °“√‡ª√’¬∫‡∑’¬∫µ—«·∫∫ GEE ·≈–µ—«·∫∫ GLMMs æ∫«à“ µ—«·∫∫ GLMMs ‡¡◊ËÕ

√Ÿª∑’Ë 1 °“√æ≈ÁÕµ§à“ Residuals §Ÿà°—∫ Predicted
(Y) ¢Õßµ—«·∫∫ GEE ‡¡◊ËÕ¡’√Ÿª·∫∫ AR(1)

√Ÿª∑’Ë 2 °“√æ≈ÁÕµ§à“ Residuals §Ÿà°—∫ Predicted
(Y) ¢Õßµ—«·∫∫ GEE ‡¡◊ËÕ¡’√Ÿª·∫∫ CS^ ^
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°”Àπ¥‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ¡’
§«“¡‡À¡“– ¡ ”À√—∫„™â‡ªìπµ—«·∫∫¢Õß¢âÕ¡Ÿ≈∑’Ë„™â»÷°…“π’È¡“°°«à“µ—«·∫∫ GEE ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß
§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ®“°§à“ R2

p  ¢Õßµ—«·∫∫ ”À√—∫
¿“æ√«¡¢Õß§à“‡©≈’Ë¬ª√–™“°√‡∑à“°—∫√âÕ¬≈– 53.34 ·≈– 52.32 µ“¡≈”¥—∫ ‚¥¬µ—«·∫∫ GLMMs
 “¡“√∂Õ∏‘∫“¬°“√‡ª≈’Ë¬π·ª≈ß¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‰¥â∑—Èß¿“æ√«¡§à“‡©≈’Ë¬ª√–™“°√·≈–
·µà≈–Àπà«¬»÷°…“¢ÕßºŸâ∑”ª√–°—π¿—¬√∂¬πµå “¡“√∂‡¢’¬π ¡°“√¢Õßµ—«·∫∫∑’Ë‡À¡“– ¡‰¥â §◊Õ

4.1 µ—«·∫∫ ”À√—∫¿“æ√«¡¢Õß§à“‡©≈’Ë¬ª√–™“°√
logey = -2.7130 + 0.1805 (§à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“)* + 0.0861 (Õ“¬ÿ√∂¬πµå)*

+ 0.1390 (°≈ÿà¡Õ“¬ÿ 18-24 ªï) + 0.1703 (°≈ÿà¡Õ“¬ÿ 25-35 ªï)* + 0.0744
(°≈ÿà¡Õ“¬ÿ 36-50 ªï)*
+ 0.3105 (Õ“™’æ)* + (-0.0487) (‡æ»)*

(* ¡’π—¬ ”§—≠∑“ß ∂‘µ‘∑’Ë√–¥—∫ 0.05)

4.2 µ—«·∫∫ ”À√—∫·µà≈–Àπà«¬»÷°…“‡¡◊ËÕ¡’‡∑Õ¡Õ‘∑∏‘æ≈ ÿà¡¢ÕßÀπà«¬»÷°…“ (Random
Subject Effect)

logey = (-2.7130 + Random Subject Effect) + 0.1805 (§à“ ‘π‰À¡∑¥·∑π)* +
0.0861 (Õ“¬ÿ√∂¬πµå)*
+ 0.1390 (°≈ÿà¡Õ“¬ÿ 18-24 ªï) + 0.1703 (°≈ÿà¡Õ“¬ÿ 25-35 ªï)* + 0.0744
(°≈ÿà¡Õ“¬ÿ 36-50 ªï)*
+ 0.3105 (Õ“™’æ)* + (-0.0487) (‡æ»)*

(* ¡’π—¬ ”§—≠∑“ß ∂‘µ‘∑’Ë√–¥—∫ 0.05)

‡™àπ Àπà«¬»÷°…“∑’Ë 1 (Subject 1) ¡’§à“§ß∑’Ë = 0.4135  ‚¥¬∑’Ë -2.2995 ¡“®“°
-2.7130 + 0.4135 ¥—ßπ—Èπµ—«·∫∫ ”À√—∫Àπà«¬»÷°…“∑’Ë 1 ‡¢’¬π‰¥â‡ªìπ

√Ÿª∑’Ë 3 °“√æ≈ÁÕµ§à“ Residuals §Ÿà°—∫ Predicted (Yu)
¢Õßµ—«·∫∫ GLMMs ‡¡◊ËÕ¡’√Ÿª·∫∫ AR(1)

√Ÿª∑’Ë 4 °“√æ≈ÁÕµ§à“ Residuals §Ÿà°—∫ Predicted
(Yu)  ¢Õßµ—«·∫∫ GLMMs ‡¡◊ËÕ¡’√Ÿª·∫∫
CS

^

^
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logey = -2.2995 + 0.1805 (§à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“)* + 0.0861 (Õ“¬ÿ√∂¬πµå)*
+ 0.1390 (Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ 18-24 ªï) + 0.1703 (Õ“¬ÿºŸâ∑”ª√–°—π¿—¬
25-35 ªï)*
+ 0.0744 (Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ 36-50 ªï)* + 0.3105 (Õ“™’æ)* + (-0.0487)
(‡æ»)*

°“√Õ∏‘∫“¬§«“¡À¡“¬¢Õßµ—«·∫∫ GLMMs ‡¡◊ËÕ‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√
‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ∫“ßµ—«·ª√ ”À√—∫¢âÕ¡Ÿ≈∑—ÈßÀ¡¥ §◊Õ

 ”À√—∫µ—«·ª√Õ‘ √–‡ªìπ¢âÕ¡Ÿ≈‡™‘ßª√‘¡“≥
∂â“ªí®®—¬Õ“¬ÿ√∂¬πµå‡æ‘Ë¡¢÷Èπ 1 ªï ∑”„Àâ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡æ‘Ë¡¢÷Èπ
‚¥¬‡©≈’Ë¬‡ªìπ 1.09 §√—Èß/§π/ªï ‡¡◊ËÕªí®®—¬Õ◊ËπÊ „πµ—«·∫∫§ß∑’Ë [exp(0.0861) = 1.09]
 ”À√—∫µ—«·ª√Õ‘ √–‡ªìπ¢âÕ¡Ÿ≈‡™‘ß§ÿ≥¿“æ
°≈ÿà¡Õ“¬ÿ 18-24 ªï ®–¡’®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‚¥¬‡©≈’Ë¬ªìπ 1.15 §√—Èß/§π/ªï ‡¡◊ËÕ

‡∑’¬∫°—∫°≈ÿà¡Õ“¬ÿ‡°‘π 50 ªï ‚¥¬∑’Ëªí®®—¬Õ◊ËπÊ „πµ—«·∫∫§ß∑’Ë [exp(0.1390) = 1.15]
°≈ÿà¡Õ“¬ÿ 25-35 ªï ®–¡’®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‚¥¬‡©≈’Ë¬‡ªìπ 1.19 §√—Èß/§π/ªï ‡¡◊ËÕ

‡∑’¬∫°—∫°≈ÿà¡Õ“¬ÿ‡°‘π 50 ªï ‚¥¬∑’Ëªí®®—¬Õ◊ËπÊ „πµ—«·∫∫§ß∑’Ë [exp(0.1703) = 1.19]
°≈ÿà¡Õ“¬ÿ 36-50 ªï ®–¡’®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‚¥¬‡©≈’Ë¬‡ªìπ 1.08 §√—Èß/§π/ªï ‡¡◊ËÕ

‡∑’¬∫°—∫°≈ÿà¡Õ“¬ÿ‡°‘π 50 ªï ‚¥¬∑’Ëªí®®—¬Õ◊ËπÊ „πµ—«·∫∫§ß∑’Ë [exp(0.0744) = 1.08]
ºŸâ∑”ª√–°—π¿—¬√∂¬πµå∑’Ë‡ªìπ‡æ»™“¬®–¡’®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‚¥¬‡©≈’Ë¬‡ªìπ 1.36

§√—Èß/§π/ªï ‡¡◊ËÕ‡∑’¬∫°—∫ºŸâ∑”ª√–°—π¿—¬√∂¬πµå∑’Ë‡ªìπ‡æ»À≠‘ß ‚¥¬∑’Ëªí®®—¬Õ◊ËπÊ „πµ—«·∫∫§ß∑’Ë [exp(0.3105)
= 1.36]

 √ÿª·≈–«‘®“√≥åº≈°“√»÷°…“
º≈°“√»÷°…“ √ÿª‰¥â«à“ µ—«·∫∫ GEE ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡ —¡æ—π∏å¢Õß®”π«π°“√‡√’¬°

§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ‡ªìπµ—«·∫∫∑’Ë¡’§«“¡‡À¡“– ¡°—∫¢âÕ¡Ÿ≈ ‚¥¬¡’ªí®®—¬∑’Ë¡’º≈µàÕ®”π«π
°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘ 0.05 §◊Õ §à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ Õ“¬ÿ√∂¬πµå Õ“¬ÿ
ºŸâ∑”ª√–°—π¿—¬ 25-35 ªï Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ 36-50 ªï ·≈–Õ“™’æ  à«πµ—«·∫∫ GLMMs ‡¡◊ËÕ°”Àπ¥
‚§√ß √â“ß§«“¡·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ¡’§«“¡‡À¡“– ¡°—∫
¢âÕ¡Ÿ≈‡™àπ‡¥’¬«°—π¡’ªí®®—¬∑’Ë¡’º≈µàÕ®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π∑’Ë√–¥—∫π—¬ ”§—≠∑“ß ∂‘µ‘ 0.05 §◊Õ
§à“ ‘π‰À¡∑¥·∑π∑’Ë·ª≈ß§à“ Õ“¬ÿ√∂¬πµå Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ 25-35 ªï Õ“¬ÿºŸâ∑”ª√–°—π¿—¬ 36-50 ªï Õ“™’æ
·≈–‡æ» ‡¡◊ËÕ∑”°“√‡ª√’¬∫‡∑’¬∫µ—«·∫∫∑—Èß Õß«‘∏’ √ÿª‰¥â«à“ µ—«·∫∫ GLMMs ‡¡◊ËÕ°”Àπ¥‚§√ß √â“ß§«“¡
·ª√ª√«π√à«¡¢Õß®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π‡ªìπ·∫∫ AR(1) ¡’§«“¡‡À¡“– ¡ ”À√—∫„™â‡ªìπ
µ—«·∫∫¢Õß¢âÕ¡Ÿ≈®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π„π°“√»÷°…“π’È∑—Èßµ—«·∫∫· ¥ß¿“æ√«¡§à“‡©≈’Ë¬ª√–™“°√
·≈–µ—«·∫∫ ”À√—∫·µà≈–Àπà«¬»÷°…“‡¡◊ËÕ¡’‡∑Õ¡Õ‘∑∏‘æ≈§à“§ß∑’Ë ÿà¡
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 ”À√—∫º≈∑’Ë‰¥â®“°°“√»÷°…“π’È¡’§à“√âÕ¬≈–¢Õß°“√∑”π“¬∂Ÿ°µâÕß‰¡à Ÿß¡“°π—° ºŸâ«‘®—¬®÷ß‡ÀÁπ«à“
À“°¡’°“√‡æ‘Ë¡µ—«·ª√Õ◊Ëπ∑’Ë‡°’Ë¬«¢âÕß°—∫®”π«π°“√‡√’¬°§à“ ‘π‰À¡∑¥·∑π ‡™àπ æƒµ‘°√√¡°“√„™â√∂¬πµå ª√–‡¿∑
¢Õß°“√„™â√∂¬πµå ·≈–§–·ππ„π°“√¢—∫¢’Ë [4] ‡ªìπµâπ ∑’Ë¡’§«“¡ —¡æ—π∏å°—∫®”π«π°“√‡√’¬°§à“ ‘π‰À¡
∑¥·∑π®–∑”„Àâµ—«·∫∫¡’§«“¡‡À¡“– ¡°—∫¢âÕ¡Ÿ≈·≈–¡’ª√– ‘∑∏‘¿“æ„π°“√∑”π“¬ Ÿß¢÷Èπ‰¥â

°‘µµ‘°√√¡ª√–°“»
ºŸâ«‘®—¬¢Õ¢Õ∫§ÿ≥°√¡°“√ª√–°—π¿—¬∑’Ë‰¥âÕπÿ‡§√“–Àå¢âÕ¡Ÿ≈°“√ª√–°—π¿—¬√∂¬πµå ”À√—∫ª√–°Õ∫

°“√∑”°“√«‘®—¬π’È„Àâ ”‡√Á®≈ÿ≈à«ß¥â«¬¥’
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