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Judged on the Wrong Criteria”, E#K
“HUEUEHERH,

“N.F.L. Kickers Are

BRGG AN FEF MG T ar b R TR FR R M R B RO

B SEMAEERPE (National Football League, NFL) 19 ZHFTER R (/D817 10 K EL

) 2002-2006 FE=.

Name Yeart Teamt FGAt FGt Team.t.l.
1 Adam vinatieri 2003 NE 34 73.5 NE
2 Adam vinatieri 2004 NE 33 93.9 NE
3 Adam vinatieri 2005 NE 25 80.0 NE
4 Adam vinatieri 2006 IND 19 89.4 NE
5 David Akers 2003 PHI 29 82.7 PHI
6 David Akers 2004 PHI 32 84.3 PHI

FGt: t FeFH 150 %, FGtM1:

FGAtM1 FGtM1 FGAtMZ FGtM2

30 90.0 NA NA
34 73.5 30 90.0
33 93.9 34 73.5
25 80.0 33 93:9
34 88.2 NA NA
29 82.7 34 88.2
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BXEHRE: FEF

setwd ("F:/BaiduYun/Teaching/Rdata")
kicker<-read.csv("FieldGoals2003t02006.csv" ,header=T)
attach(kicker)

= cor.test(FGt,FGtM1)
Pearson's product-moment correlation

data: FGt and FGtMm1
t = -1.2092, df = 74, p-value = 0.2305
alternative hypothesis: true correlation is not equal to 0
95 percent confidence interwval:
-0.3535538 0.0890568
sample estimates:
cor
-0.1391935

M E)FRER: FEE
iR, FGt= o+ B1FGtM1 +¢

Call:
Tm(formula = FGt ~ FGtM1)

Residuals:
Min 1q Median 3Q Max
-18.4350 -7.0576 0.6933 5.3824 18.7047

Coefficients:

Estimate Std. Error t value Pr(=|t])
(Intercept) 94.6098 10.2525 9.228 6.18e-14 #%*
FGtM1 -0.1510 0.1248 -1.209 0.:23

Sagiat: codes:s (O SERRTUQOQL SEEr 000D, REDL0E A0 R0ELE 4R 1

Residual standard error: 7.723 on 74 degrees of freedom
Multiple R-squared: 0.01937, Adjusted R-squared: 0.006123
F-statistic: 1.462 on 1 and 74 DF, p-value: 0.2305

B MERRIRIR
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Hrp N, FoRe kARG REDARR (1508 00, 3518 4y, BB EREGESHIME (

PR o).
R fXA5:

19

FGt = a + BFGIML + > 7Ny, + ¢

k=2

fit.1 <- Im(FGt ~ FGtM1 + factor(Name), data = kicker)

summary (fit.1)

ERILER

call:

Tm(formula = FGt ~ FGtM1 + factor(Name), data =

Residuals:
Min 10 Median
-11.1808 -4.0045 -0.5093

coefficients:

(Intercept)

FGEM1

factor (Name)David akers
factor (Name)lason Elam
factor (Name)lason Hanson
factor (Name)Jay Feely
factor (Name) leff rReed
factor (Name)leff wilkins
factor (Name)John Carney
factor (Name)John Hall
factor (Name)Kris Brown
factor (Name)Matt Stover

factor (Name)Mike vanderjagt

factor (Name)Neil rRackers
factor (Name)olindo Mare
factor (Name)Phil Dawson
factor (Name)rian Lindell
factor (Name)Ryan Longwell

3q
4.3053

13.3

Max
134

Estimate std.

126.
-0.
-4,
-3.

2.

-10.

-8.

2.
-5.
-8.
-13.
8.
4,
-6.
-13.
3.
-4,
-2.

factor (Name)sebastian Janikowski -3.

factor (Name)shayne Graham

2.

signif. codes: 0 *===' 0,001 ‘%%’ 0.

6872
5037
6463
0167
1172
3737
2955
3102
977

4865
3598
7363
8955
6200
0365
5524
8674
2315
9763
1350

o1 ¢

1

#' 0.05

B e e e e e e e e e B e B R OO

kicker)

3949

L4514

3994
3931

.4159
L4528

5186

L4060

3994
3985

L4528

3931

L4244
. 3970
L4126
. 3932

12.661
-4.467
-1.056
-0.682

0.482
-2.330
-1.BE6

0.526
-1.354
-1.906
-2.957

1.983

1.113
-1.505
-2.928

0.809
-1.100
-0.508
-0.901

0.486

1f

rResidual standard error: 6.212 on 56 degrees of freedom

Multiple R-squared: 0.5199,

F-statistic: 3.191 on 19 and 56 DF,

AT LU TC & 2 el 3R A

R CWHOREAR) R? R AUER (UH 577 R 8D

Adjusted R-squared:

0.3569

p-value: 0.0003849

Error t value Pri=|t])
. 0057
L1128
L4007
4217

Z2e-16
. 9e-05
. 29559
.49790
. 63186
02341

. 60106
.18130

. 00455

. 27055
.13793
. 00493
.42215
. 27598
. 61379
. 37138
.62BE8

COoOO0O00 000000000000 0.WwWA

1

fit.1 <- 1Im(FGt ~ FGtM1 + factor(Name)-1, data = kicker)

summary (fit.1)
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FTRBULER
A EU%EZFB%7 E]]
o AREAFHIAZE

call:

Im(formula = FGt ~ FGtM1 + factor(Name) - 1, data =

Residuals:
Min 1g Median

3Q

-11.1808 -4.0045 -0.5093 4.3053

coefficients:

FGTML -0.
factor (Name)Adam wvinatieri 126.
factor {(Name)pavid akers 122,
factor (Name)Jason Elam 123.
factor (Name)Jason Hanson 128.
factor(Name)lay Feely 116.
factor (Name) Jeff RrReed 118.
factor (Name) Jeff wilkins 128.
factor (Name)John Carney 120.
factor (Name)John Hall 118.
factor (Name)Kris Brown 113.
factor (Name)Matt Stover 135.
factor(Name)Mike vanderjagt 131.
factor(Name)Neil Rackers 120.
factor (Name)olindo Mare 113.
factor{Name)Phil Dawson 130.
factor (Name)Rian Lindell 121.
factor (Name)Ryan Longwell 124.
factor (Name)sebastian Janikowski 122.
factor (Name)shayne Graham 128.

Max
13.3134

Estimate 5td.

Signif. codes: 0 *#***' 0,001 *=*' 0

Residual standard error: 6.212 on 56

Multiple rR-squared: 0.9958,
F-statistic: 669.4 on 20 and 56

LI, ARFHIE
B 5 LR EXN

DF,

5037
6872
0409
6705
8044
3135
3916
9973
7098
2007
3274
4234
5827
0672
6507
2396
8198
4557
7109
8222

1

=

o

=
LUVLLOLLOOLLVLLWVLLOWOOD

1128
0057
7515
5247
1425
3224
7729
9387
57532
3144
0041
3332
2391
7BB9
3144
07534
5033
8183
6073
9334

.01 %' 0,05 "7

kicker)

-4

12.
12.
12.
12.
12.
12.
12.
12.
12.
12.
13.
12.
12.
12.
12.
12.
12.

L4467
661
515
984
700

77
114
979
606
690
586
106
851
266
202
926
819
676

12.77

12.

0.1

degrees of freedom
adjusted rR-squared:
p-value: < 2.2e-16

0.9

969

943

1

Error t value Pr(>|t|)

3.9e-05

AAA A A A A A A A A AN A A

2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
2e-16
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A ERMEEIRY R
Ay Bk w77 3

1. 584784 (complete-pooling ): i FIREERH —A- ok
o ZERAIER, & T S BRI AINRE ) E R
2. NEE (no-pooling): fERFNEK R EHE—ANHpLAE (BR—%MIHEZ)
o BRELEIR L, FRAERK, SEAGTHAT E
o ABRBMRZERNTCIFEAG T
o MMZ, ZAL T BRI Z A B A
3. R FE#E L ZEH,

KRELESEHM.
Gelman, A. and Hill, J. (2007). Data Analysis Using Regression and Multilevel/Hierarchical
Models. Cambridge: Cambridge University Press.

1.2 ZE&ER

ZRER RIS
%Z 2B (Multilevel /Hierarchical) L& P25 X -
L. B2 RS

e\ 28 A EBE RN EBCE T22 58 (BE4L, group), ZRJG MEEAS 2B b BEA LA B S T 244
(/ME, individual).

X IREA S S B A R4
o IR
o BEEMEXIE (Repeated measurements) (35T 5 & &5 3 545

o [MHEHE (Panel / Time-series cross-sectional data/Longitudinal) [{EEMEEHIAFE: #
T MR x I [a]]

2. B2 R S5
TR R S22 B A AEUON (y) (FET GPA(z) AHEAEED
o P (student level): XJREANSBER) AR y X o B)—MEAY,
o “Zhi)= (College level): HIT & #RBeke mAE CCHEL XfBSTE R I 98 PR EE), X
AT DA 2 AR AR (1) SR O S AR
AL EZRERD?
- AT IR0 A ZR A RT AR I [ AR R AR B ) S
X et/ BURELH, A5 BT HE 2 AT HEIKT
ToUISE e AT AT TSR FE R 4
CAUPNECY ALK E g =y
Xt % I EE MBI AR, BE15 B 1E A bR R A it

—_

cUk N



R MEEIRE
FIE PR R R A WNARR ¢ (W1 GPA), FhEA—MHNAZE o (R AR ESD .
B TS S A 2 AR RS TR Rl A
(1) ZBEPEBAY (Varying-intercept model) :
yi = aji+ Bri+ €, for students i =1,2,...,n
a; = a+buj+3;,6; ~N(0,02) for schools j =1,2,...]
€ ~ N(0,0‘;)
Horpd JoR5 o MEA, oy Fon B0 DRAEPTENS 5 o My oAl RoR SRR Z
TAR R, e M 6; 70 mI R4 E A B 2 ST B LR 2%

£ R E TR
(2) BRIFRA (varying-slope model) :
yi = a+ BT+ e, for students i =1,2,...,n
B; = a1+ biu; + 652 for schools j =1,2,...J
e ~ N(0, 05)
§j2 ~ N(0,02)
£ R ETER
(3) B AAERI A (Varying-intercept, varying-slope model) :
vi = aj+ BT + €, for students i =1,2,...,n
o = ag+bouj + ;51 for schools j =1,2,...J
B; = a1+ biu; + 652 for schools j =1,2,...J

€ ~ N(0705)
51 O 0—34 pUQJg
(5) = ((8) (o

& B X R FAPEH R AR R
£ E RV E RO RNV A (random-effects) BUVR-ERMNAER (mixed-effects) .

1. FENLNARTY (random-effects): WA RECE/E—MER (804D RIBENLZE 3
o LU oA EE AR TR 10480 T Al A A AL 308
2. [E NI (fixed effects): [EHREAL (I REFABEZFEAS), BAKERBIHRZ
HINNEANTZBEHUR T ) 45
o MIMEEK A AE N R AR 2 (1 AN IR A [ Y AR A
o FEARMERAE Y, WIR o WAMES MR, TRH (J-1) MENEERKIEHAE
225, & T [ e Rw

3. RERNAEA (mixed-effects):  [FIELAEBEATL UM AN 2 RN CEE AR R AR f A PR 1002
BEALRNE, 111 7R A2 [ 28



E R R AMBEN IR : EEEW

CREALRLN. S IR AR AT i E N7 S A AR A FITE B T A AR L, ANFEEE A A
FE S, B G5 RE, MBS . REH], — & EHhE SOLRAAS

F“JE B RO B2« BEALAN 7?2

— [EERN” S “BENUEN” Rl A AR B  thi 02 O 0 Bl oo
ik, SEERTEES THINE. BEEMNLFESBNEE
DUEZE T, ARSI .

HELR
FEAR BB R, D

o o) NRHAWNTTZE (within-group) (EXAHHAETT Z M%)

o o2 A% (between-group) (&BEAIIMHEMIZE R
PLECHAN 7 2206 2 SR AR AR Ry T 2

o WA MER, o MNELF, o2 BHLT

o UNSRLHIA T ZEAXAR AN, WIRTHCY 4340, P 8 AR A Al

o ARHEXFEH (intraclass correlation coefficient, ICC)

o Sagan (2013) #i¥ ICC /NE 0.05~0.20 2 [H#RN 245K F 4 AT

ZERAN “EH1EA” (borrow strength)
Gelman and Hill (2007): S o; 1% ZHA T

A &*. + i* ﬁ + i
a; ~ J; Yj 0’3 Yall 05 03
Hor g; R85 § HRPFE CREGMI, Jan BAAAEEIERTFE CGERREMITT.

g RN, W gy ARRIEZE . SRINAE 2 R o, 241 b B, 2L Al THE
VRIT Gan» TIAR gy, XHRZZZHEAN “AEI1EH”

ng =0, GAREREE CRABED, WEHEST g
ny K, W g; HRALE

o By TEREON, TSR TP A 2 1
. EEUSHBE o2 M o2 WIER

3

o ¥ WoF

3



1.3

T AR B HE A [ T2 SR S REHL U

ERARE

IRAIH (Pooled regression): &ANMAMA 7 AR R 1157772
— BT AR SR, %R R S R B O
AMEARST R BRSSP S (BT R
— BT AREEIENE, AR RS AR g D

MEAMRHER! (Individual-specified effects model)
MR AREL: AR R AR R RER (AT DA AN A A

Hr

yie = XL, B+ Z16 +u; +ei (1)

Z; NANBEIS [T AR A AMARRHE CAnttE )

Xy W LABEAMARI [E] A2 (Time varying)

wp NAREAA SR EE I (AMARUSE, AN AL B AL AR D
(ui + i) BN “HEHBNI”

e BOEMSLE AT B S u; AR

DA ARty “ANT] N RGNS AY 7 (Unobserved effects model).

AR B AR B0 B E R
WER wy 5B BRBRAAEMRNE, WHCOVBEEMMIEER (Fixed Effects, FE)

Rfgf 78 [ e SRR H, AMARRLNE vy HAZRENLI, AN AR 5 2L
TERERY (1) HXf B [a]~F34,
(it — i) = (Xjy — XD)B + (e — &) (2)

W 6y = ey — & 53 X = Xu — X, I3, SRATLUR OLS #13)F B RS B
(Fixed Effects Estimator) Srp

BT frp FUHTHLA B E, FTOAt0ILE P98 (Within Estimator)
AR [ 5 2R REIRY T B A )25 AL A 77 5 4k 2 B o
AT [ 5 N MR R TR R A7 2SR 2



AR 3048 A [ i SR
o WIHRAERA (1) 5N (n—1) MBI ERAEAFME CANREGEIED, WIIN 0D,
AR S s SR (2) MHERSR
yit = X[B+ ZI6+ Y MeDi + €t (3)
k=1
Hrp
o FTLL FE WY iz/N —SREMALEMRM (Least Square Dummy Variable Model, LSDVM)

o BRAL 1 R, BDR & 5 Xy AR, REHIUASNS & WK R AT B AR R (AL
e IR R AR ENED

o WA 2: Bpp TIEMHTEABER ARG (MR BB MR RR, Rl 2
HET
T AR BRI BB B
WER wy ST AR { Xy, Z;) PIAME, WFCOURENSRHEER! (Randon Effects, RE).
o OLS 52— EH, 5 (u; + &) ARBIBINBNIL, HHE OLS AN if R
o [Al AR RN 8 IR B A A B ARG

2
p = corr(u; + €54, u; + €;5) = m(t £ 5)
o HIEFR
o
g—1-——2=
VITo2 + 0?2

it & 0 NBENLAUR AT (random effects estimator), 6 = 0 RS, 0 =1 MA4HN
it

o FUEHEHIIY T AR Q WIEEF T OB IRk LS SIREH R S T8 Bre
o BTAR: BNV ISR AN AR RAEEREN L3 10 22 57

1.4 ZENMHESR

— R % R U H A
Wy For i AWEGE, 0; TR j AINBH.

}/;Nf(yl|ej)(zz]-727vna ]:17237J)
0; ~
¢ ~ p(¢) prior for hyperparemeter ¢

LAE p(o) FIIANRE 6; HOFERISER AT, 65 FIALNKR HX— A A FEBENUREA (R —E a0,

p(0;]¢) prior for parameter 6;

10



p(eh 927 e 79J> ¢|y) o8 p(¢)p(91792a CE) 9J‘¢)f(y|91a 627 B 9J7¢)
BRI (01,05,...,0;) WER M (exchangeability): BI4r4i p(61,602,...,05) SZENT T

oA 35 DU HTiE R
o WHPEATY GHARERAMMARE)
Yi = o) + B + €, €5 ~ N(O, 0;)
o ~ N(tta,2), B ~ N(ugo, 57[230), oy ~ uniform(0, 100)
tha ~ N(la0,020), 0o ~ uniform(0, 100)
o WHEEHT (BAZRA TR
Yi = ajp + Bri + €, €~ N(O,ai)
aj =a+buj+0;,6; ~ N(0,02)
a ~ N(f1a0,30), b ~ N (g0, 73)
B~ N(ug,03)

oy ~ uniform(0, 100), o, ~ uniform(0, 100)

TEEMTRE: MIzELR
AR AR AN AL
vi = o) + BT + €
e; ~ N(0, 02)
O RIS A5

CVj ~ N(Oél,di)
BJ ~ N(/Blvo-?i’)

frey
=¥

THEBMTERER: ZTLESKE
AR el 2R A AR
Yi = ajp) + Biwi + &
e ~ N(0,0?)
ZICIER R el

0; = (0, 3;)" ~ Na(po, )
3 ~ Inv — Wishart(2, £2)

S pe NGRS, Q NS,

11

S oy, 1,00, 05, 0 AHEIL, HIATAE B AR5 5040, 4 uniform (0, 100), N (0, 1000), gamma(0.001, 0.001)



2 ZRZMEYVARE: EZH lm() A lmer()
3R % Rk m IR — AR SR B

1. GRS AR A ERIES G Im() 1 glm())

2. N ZJRBA. A, AREE (A lmed BAFEFH lmer())

3. ALV 2 R A7 A B S HU T SECREYE . TN DL S AR O R (H
Bugs B rstan)

4. WTARKBURZ AR, ATRECEN R Zife

NRAEEE:Im()

fit1<-1m(FGt~FGtMl+factor (Name)-1,data=kicker)
summary (fit1)

call:
Tm{formula = FGt ~ FGtM1l + factor(nName) - 1, data = kicker)

rResiduals:
Min g mMedian El] Max
-11.1808 -4.0045 -0.5093 4.3053 13.3134

coefficients:
Estimate Std. Error t value Pr(=|t]|)

FGtML -0.5037 0.1128 -4.467 3.9e-05 *#¥
factor(Name)Aadam vinatieri 126.6872 10.0057 12.661 < 2e-16 =@«
factor (Name)David akers 122.0409 9.7515 12.515 < 2e-16 #%¥
factor(Name)Jason Elam 123.6705 9.5247 12.984 < 2e-16 #w®
factor (Name)Jason Hanson 128. 8044 10.1425 12.700 <« 2e-16 #%%
factor (Name)Jay Feely 116.3135 9.3224 12.477 < 2e-16 #%%
factor (Name)Jeff Reed 118. 3916 9.7729 12.114 <« Ze-16 #¥¥%
factor (Name)Jeff wilkins 128.9973 9.9387 12.979 <« Ze-16 #¥¥%
factor (Name)John Carney 120.7098 9.5753 12.606 <« 2e-16 #¥¥%
factor (Name)John Hall 118.2007 9.3144 12.690 < 2e-16 ***
factor(Name)Kris Brown 113.3274 9.0041 12.586 < Ze-16 #***
factor(Name)Matt sStover 135.4234 10.3332 13.106 < 2e-16 =#*
factor (Name)Mike vanderjagt 131.5827 10.2391 12.851 < 2e-16 #=#*%
factor (Name)Neil Rackers 120.0672 9.7889 12.266 < Ze-16 ***
factor (Name)olindo Mare 113. 6507 9.3144 12.202 < Ze-16 #***
factor(Name)Phil Dawson 130.2396 10.0754 12.926 < 2e-16 **=¥
factor(Name)Rian Lindell 121.8198 9.5033 12.819 < Ze-16 #***
factor (Name)Ryan Longwell 124.4557 9.8183 12.676 < Z2e-16 ***
factor(Name)sebastian Janikowski 122.7109 9.6073 12.77 < 2e-16 =#*
factor (Name)Shayne Graham 128.8222 9.9334 12.969 < 2e-16 *¥¥
signif. codes: 0 *#*%%' 0,001 *‘**° 0,01 *' 0.05 *." 0.1 * " 1

Residual standard error: 6.212 on 56 degrees of freedom
Multiple R-squared: 0.9958, Adjusted R-sqguared: 0.9943
F-statistic: 669.4 on 20 and 56 DF, p-value: < 2.Ze-16

ZEEREN R EH: lmer()
e lmer: Linear Mixed-Effects Models

o Usage:

Imer(formula, data, control = ImerControl(), offset, ...)

12



o formula 5 Im &L, A5

(1|IN) Random intercept with fixed mean
0+offset(o)+(1|N) Random intercept with a priori means
x+(x|N) Correlated random intercept and slope

x+(x]||g) Uncorrelated random intercept and slope

THERE

> ML <- Tmer(formula = FGt ~ FGtM1 + (1|Name))
> summary(M1)

Linear mixed model fit by REML ["TmerMod’]
Formula: FGt ~ FGtM1 + (1 | Name)

REML criterion at convergence: 516.3
Scaled residuals:

Min 1Q Median 3Q Max
-1.97654 -0.63878 0.01243 0.70155 2.08720
Random effects:

Groups Name vVariance std.Dev.
Name (Intercept) 23.83 4.882
Residual 39.33 6.271
Number of obs: 76, groups: Name, 19
Fixed effects:

Estimate Std. Error t value

(Intercept) 113.5942 9.0760 12.52
FGtM1 -0.3830 0.1097 -3.49
Correlation of Fixed Effects:

(Intr)
FGtM1 -0.989

TEBEIRE
A n =76 MUEAE, J =19 M.
o YlAJ5% 02 = 23.83
o YU 02 = 39.33
o HNMKZRE ICC = —9.989
o [EE RN S BN : [ N AL, BENLBOSITT S 42 AR 2
o BB = [FEEARL + FEHLARN

> fixef (M1)
(Intercept) FGtM1
113.5941631 -0.3830001

o [HHFFEN: FGt =113.594 — 0.383F gt M1

13



THEEER: RSN

> ranef (M1)

(Intercept)
Adam Vinatieri 2.0614356
David Akers -1.0248991
Jason Elam 0.3103561
Jason Hanson 3.4513437
Jay Feely -4.7355979
Jeff Reed -3.6254304
Jeff Wilkins 3.7503049
John Carney -1.8262472
John Hall -3.3931570
Kris Brown -6.5932217
Matt Stover 7.9855487
Mike Vanderjagt 5.3413200
Neil Rackers -2.4520622
Olindo Mare -6.6142648
Phil Dawson 4.5207692
Rian Lindell -0.9827594
Ryan Longwell 0.6312282
Sebastian Janikowski -0.4352241
Shayne Graham 3.6305575

THEIERE . R

> coef (M1) $Name

(Intercept) FGtM1
Adam Vinatieri 115.6556 -0.3830001
David Akers 112.5693 -0.3830001
Jason Elam 113.9045 -0.3830001
Jason Hanson 117.0455 -0.3830001
Jay Feely 108.8586 -0.3830001
Jeff Reed 109.9687 -0.3830001
Jeff Wilkins 117.3445 -0.3830001
John Carney 111.7679 -0.3830001
John Hall 110.2010 -0.3830001
Kris Brown 107.0009 -0.3830001
Matt Stover 121.5797 -0.3830001
Mike Vanderjagt 118.9355 -0.3830001
Neil Rackers 111.1421 -0.3830001
Olindo Mare 106.9799 -0.3830001
Phil Dawson 118.1149 -0.3830001
Rian Lindell 112.6114 -0.3830001
Ryan Longwell 114.2254 -0.3830001
Sebastian Janikowski 113.1589 -0.3830001
Shayne Graham 117.2247 -0.3830001

THBREHE (BH%) 2 lmer()

M2<-1mer (FGt~FGtM1+(FGtM1 | Name) ,data=kicker)
summary (M2)

H (FGtM1|Name) Z0 T (14+FGtM1|Name), 48 2E FAR R4
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> # varying intercept and slope with a predictor
> M2 <- Tmer( FGt ~ FGtM1 + (FGtM1 | Name), data = kicker)
> summary(M2)
Linear mixed model fit by REML ["TmerMod']
Formula: FGt ~ FGtM1 + (FGtM1l | Name)
Data: kicker

REML criterion at convergence: 516.2
Scaled residuals:

Min 1@ Median 3Q Max
-1.96553 -0.64381 0.01633 0.73555 2.09899

Random effects:

Groups Name variance Std.Dev. Corr
Name (Intercept) 1.533 1.23824

FGtM1 0.002 0.04472 1.00
Residual 39.190 6.26016

Number of obs: 76, groups: Name, 19

Fixed effects:
Estimate Std. Error t value

(Intercept) 113.8294 9.0246 12.613
FGtM1 -0.3872 0.1105 -3.505
Correlation of Fixed Effects:

(Intr)
FGtM1 -0.989

TEBRERE (BHEX) RE: lmer()

> coef (M2) $Name

(Intercept) FGtM1
Adam Vinatieri 114.3153 -0.3696282
David Akers 113.5988 -0.3955098
Jason Elam 113.9210 -0.3838704
Jason Hanson 114.7296 -0.3546660
Jay Feely 112.6338 -0.4303615
Jeff Reed 112.9154 -0.4201931
Jeff Wilkins 114.7736 -0.3530747
John Carney 113.3670 -0.4038817
John Hall 112.9904 -0.4174832
Kris Brown 112.1164 -0.4490518
Matt Stover 115.8408 -0.3145270
Mike Vanderjagt 115.1090 -0.3409607
Neil Rackers 113.1816 -0.4105756
Olindo Mare 112.1146 -0.4491151
Phil Dawson 114.9987 -0.3449431
Rian Lindell 113.6138 -0.3949663
Ryan Longwell 114.0201 -0.3802922
Sebastian Janikowski 113.7374 -0.3905027
Shayne Graham 114.7804 -0.3528287

unpooled and multilevel

15



Field Goal Percentage in Year t

70 75 80 85 90 95 100

Field Goal Percentage in Year t-1

3 ZENMHER
A BB RS AT

setwd ("F:/BaiduYun/Teaching/Rdata")
kicker<-read.csv("FieldGoals2003t02006.csv" ,header=T)
y<-kicker$FGt
x<-kicker$FGtM1
n<-length(y)
player.name <- as.vector (kicker$Name)
unig<- unique(player.name)
J<-length(uniq)
player <- rep (NA, J)
for (i in 1:1){

player [player.name==uniq[i]]<-1i

}

REKES (i) : fR%FA ch8kicker_ c.txt

# varying-intercept model(centering)
model {
for (i in 1:n){
y[i] ~ dnorm (y.hat[i], tau.y)
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y.hat[il<-intercept [player [i]]+b*(x[i]-mean(x[1))
}
b ~ dnorm (0, .0001)
tau.y <- pow(sigma.y, -2)
sigma.y~dunif (0,100)
for (j in 1:1){
intercept[j] ~ dnorm (mu.a, tau.a)
alj] <- intercept[j]l-b*mean(x[])
}
mu.a ~ dnorm (O, .0001)
tau.a <- pow(sigma.a, -2)
sigma.a ~ dunif(0,100)
}

#EHH R2WinBUGS

data <- 1list ("a", "J", "x", "y", "player")
inits <- function O{
list(intercept=rnorm(J,80,10), b=rnorm(1),
mu.a=rnorm(1) ,sigma.y=runif (1),sigma.a=runif (1))}
parameters <- ¢ ("a", "b", "mu.a", "sigma.y", "sigma.a")
output<-bugs(data,
inits,
parameters,
n.chains=3,
n.iter=2000,
n.burnin=1000,
n.thin=5,
debug=FALSE,
codaPkg=FALSE,
model.file="ch8kicker c.txt",
bugs.directory="C:/WinBUGS14/")

HR

RN
1

&
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Inference for Bugs model at "F:\BaiduYun\Teaching\Rdata\Ch8kmodel.txt", fit using WinBUGS
2 chains, each with 2000 iterations (first 1000 discarded), n.thin = 5
n.sims = 400 iterations saved

mean sd 2:5% 25% 50% 75% 97.5% Rhat n.eff

intercept[1] 115.31 10.92 94.32 107.27 115.30 122.72 136.51 1.00 400
intercept[2] 112.23 10.85 92.83 105.00 112.05 120.35 132.71 1.00 400
intercept[3] 113.57 10.33 94.63 106.27 113.60 120.72 132.80 1.01 400
intercept[4] 116.58 11.00 95.37 108.87 117.15 124.42 137.40 1.01 400
intercept[5] 108.70 9.72 90.16 101.67 108.30 116.00 126.12 1.01 400
intercept[6] 110.37 10.28 90.82 102.77 110.40 117.72 129.80 1.01 400
intercept[7] 116.81 10.95 95.57 109.40 116.90 124.05 137.31 1.01 400
intercept[8] 111.31 10.17 92.21 104.40 111.60 118.10 130.32 1.01 400
intercept[9] 110.20 10.12 90.80 102.80 109.60 117.05 129.50 1.00 400
intercept[10] 107.09 9.48 90.11 100.40 107.10 113.70 124.92 1.01 400
intercept[11] 121.01 11.86 97.33 112.60 120.80 129.70 143.00 1.01 400
intercept[12] 118.47 11.21 96.10 110.95 118.05 126.32 140.30 1.01 400
intercept[13] 111.10 10.43 91.30 103.30 111.55 118.90 130.70 1.00 400
intercept[14] 107.14 9.79 88.92 99.42 106.90 114.12 125.81 1.00 400
intercept[15] 117.77 11.05 97.07 109.05 118.05 125.42 137.45 1.01 400
intercept[16] 112.36 9.94 93.40 105.60 111.90 119.92 130.50 1.00 400
intercept[17] 113.80 10.63 94.24 105.87 114.10 120.52 134.40 1.00 400
intercept[18] 112.95 10.43 92.58 105.72 112.70 119.85 132.31 1.00 400
intercept[19] 116.77 10.96 95.34 109.20 117.10 124.90 137.01 1.01 400
b -0.38 0.12 -0.60 -0.47 -0.38 -0.29 -0.14 1.01 400
mu.a 82.26 1.37 79.77 81.36 82.16 83.19 84.90 1.00 400
sigma.y 6:51 0:63 5.53 6.06 6.43 6.91 7.84 1.00 400
sigma.a 5.14 1.65 1.98 4.00 5.08 6.17 8.38 1.04 190
deviance 498.55 9.39 483.89 492.10 497.10 503.90 520.63 1.01 150

R WHEREED. W

100
|
o

Field Goal Percentage in Year t
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DU A8, WeEE (Lt DU, R kRl
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4 ZEEETN

4.1 (EGAREEITN
R EVAIRBAFN : B .
BERH AR E X, THEBNET X6, SRS
o ZNE[RIAREY
— 1ZH R WKL prediction():

x.new<-data.frame()
predict(model,x.new,interval="prediction",level=0.95)

— BEMUBLL: BERLRZET 6 ~ N(0,02), REHHE §g=X3+&
o Logistic [AA: XF#r&d st i, 115
Pr(j;) = logit™" (X )
o Poisson [lT: BEH 41 4y, ...y, ~ Poisson(u\), XtHMEHE I E exposures @;, HL

7; = Poisson (ﬂiej(”ﬁ)

ZEERE: TUNEBEAEM— I FHNEE
I — IR Adam 7E 2006 FEZE[11550 9 89.4 4, T T~ FZEHI1F5)
FAAS B AR Y (M1):
NewFGtM1 <- 89.4
pred.new<-coef (M1) $Name[1,1]+coef (M1) $Name [1, 2] *NewFGtM1

pred.new
[1] 81.41539

o ZEBRITIFRAEZ TR, XECLTH SRS X A
o Imer FY predict BRECBAT TN FREZLE L .
o JpiE: BEHLEGEN

WX E): SER#AEAN—IMHWEE
KA RA j =1, 7=289.4, BENMESHEMUT,

Z7|9 ~ N(al +ﬁ‘%702)

mu.hat <- pred.new
sigma.y.hat <- summary(M1)$sigma
n.sims <- 1000
y.tilde <- rnorm (n.sims,mu.hat,sigma.y.hat)
quantile (y.tilde, c(.25,.5,.75))
25% 507% 75%
77.28298 81.59877 85.37019

vV V V VvV V
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T — AR AR — LR E
RBOHTR— AR, fATERREUE T = 89.4, TR T TS,
DA —DERAZ: @ ~ N(a,02), )5 g0 ~ N(a+ Bz,07)-

sigma.y.hat <- summary(M1)$sigma
sigma.a.hat <- sigma.hat(M1)$sigma$Name
mu.a <- fixef(M1) ["(Intercept)"]
n.sims <- 1000
a.tilde <- rnorm (n.sims, mu.a, sigma.a.hat)
NewFGtM1 <- 89.4
mu.y <- a.tilde + coef(M1)$Name[1,2]*NewFGtM1
y.tilde <- rnorm (n.sims, mu.y, sigma.y.hat)
quantile (y.tilde, c(.25,.5,.75))

25% 50% 75%
73.99056 79.19958 83.94172

V VV V V V V V.YV

4.2 DIMtETERAY TN
A Bugs il
THE LS TR0 A R e v
1. Bugs: A& o 38 s B sl 4L

2. R: MR B 45 AR RS

FiE 1. BIZE Bugs PIEMIHHKESELAE \

FUNE BEEEM— N FWEE: F—ERL Adam 1E 2006 FEZFERIEN 89.4 43, Tl 5§

FH15

o TTRIAIEHE UL NA 45, Bugs £ H 3% H TUNME -

o Ny REY: H—MEkR (J=1), #EdE NewFGtM1=89.4
kicker.data <- 1list ("a", "J", "x", "y", "player")
data. save<—save("n" , nyu , "player" , nyh , ngn ,

file="kicker.data")
n<-n+1
y <= ¢ (y, NA)
player <- c (player, 1)
NewFGtM1 <- 89.4
x <- ¢ (x, NewFGtM1)

o SRRSO R ytilde <- y[n]
o VAFAAMFAN: chSkicker c.pred.txt
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RERADRIBITER

inits <- function (){
list(intercept=rnorm(J,80,10) ,b=rnorm(1),
sigma.y=runif (1) ,sigma.a=runif (1))}
parameters <- ¢ ("a", "b", "sigma.y", "sigma.a")
parameters <- c (parameters, "y.tilde")
kicker.predl <- bugs (kicker.data,
inits,parameters,
"ch8kicker_c.pred.txt",
n.iter=2000,
n.burnin=1000,
n.thin=5,
bugs.directory="C:/WinBUGS14/")
attach.bugs (kicker.predl)
>quantile (y.tilde, c(.25, .75))
25%  75%
76.82 86.14

FUMF B — D F N ERME
R&T EEE: 5 (J+1) fi3ka, HiEdh NewFGtM1=89.4

n<-n+1

y <= ¢ (y, NA)

player <- c (player, J+1)
NewFGtM1 <- 89.4

x <- ¢ (x, NewFGtM1)
J<-J+1

PRAACRS 5 AT A, SRR

> attach.bugs (kicker.pred2)

> quantile (y.tilde, c(.25, .75))
25% 75%

73.7475 85.2800

7% 2: £ R fFH Bugs #EERZERFHITIENL
HITH L2 H A Imer() 152 BRI T, Bugs BRI,
TN ABERN— N IUEE: F—AEk A Adam 78 2006 ZZERI1E45H 89.4 4, Fillfh 5
B NG E
7|0 = N(on + B, 0y)
1217 Bugs SR H L output /&,

attach.bugs (output)
NewFGtM1 <- 89.4
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y.tilde <- rnorm (n.sims, al[,1] + b*NewFGtM1, sigma.y)
quantile (y.tilde, c(.25, .75))
> quantile (y.tilde, c(.25, .75))
25% 75%
76.46642 85.75404

MR EF AR — TR E
NEEE MCMC Wsitt, Bugs BRIBEAT H0ME,

7|0 ~ N (intercept + B(Z — ), 05)

HH & = intercept — A7, intercept ~ N(a,02),

intercept.tilde<-rnorm (n.sims, mu.a, sigma.a)
a.tilde <- intercept.tilde - b*mean(x[])
y.tilde <- rnorm (n.sims, a.tilde + b*NewFGtM1, sigma.y)
> quantile (y.tilde, c(.25, .75))
25% 75%
73.97203 85.08360
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