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1. Basic Statistics ciapscoy

e crab : 174 female crabs

Albatross Analytics Data Import Data Management ~ Basic Analysis ~ Regression « Random Effect Model ~ Survival Analysis ~

Upload File e sat : number of satellites

e y:=1(sat>0), =0 (sat=0)

Crabs.csv

¢ Header « weight : Crab weight in kig
Comma v » width : Crab carapace width in cm

. color : 1-light medium
DataSelection @ single © multiple szedlum 3=dark medlum

Show 10 T |entries
4=dark

crab sat y weight
' ! : ! 305 * spline : T=both good, 2=0one worn
2 2 0 0 1.55
3 5 . . I or broken, 3=both worn or broken
4 4 0 0 2.1
5 5 4 1 2.6



Descriptive Statistics

Albatross Analytics

Data Import

Data Management ~

Basic Analysis ~

Regression ~ Random Effect Model ~

Survival Analysis ~

Descriptive Statistics

Variable (Numeric Only)
width

Use Group

Variable : width

Data Summary Variable Histogram

Variable Results

n mean min median

width  173.0000 262988  21.0000  26.1000

max

33.5000

sd

21091

se

0.1603



o
'

Variable : width

Data Summary Variable Histogram

20+

Group Histogram

width

width

30




count

o

Variable : width

Data Surmmary Variable Histogram

Select Histogram

spine:1 spine:2

22

24

Group Histogram

26

Group : spine : 1

2.8
width

Group : spine : 2

30

32

34



one sample t-test

Albatross Analytics Data Import Data Management ~ Basic Analysis ~ Regression ~ Random Effect Model ~ Survival Analysis ~

One Sample t-test
t-test

[HEEERE Model Summary Data View

® Onesample Paired Unpaired

Y Descriptive Statistics

weight -
n mean median sd se
Null Value weight 173 24372 23500 05770 0.0439
3
t-test
Alternative Hypothesis
t df pwvalue mean.ofx se lowerCl  upperCl

two.sided -
-12.8289 1720000  0.0000 24372  0.0439 2.3506 2.5238
Significance Level

4k

0.05 ¢/ Wilcoxon Test Wilcoxon Test

Shapiro-Wilk Test (Normality)

W  p-value

1081.0000 0.0000

-10 -



paired t-test

Albatross Analytics  Datalmport  Data Management ~

Basic Analysis ~ Regression ~ Random Effect Model ~ Survival Analysis

t-test

Type of t-test

Onesample @ Paired Unpaired

Variable 1 (Numeric Only)

weight

Variable 2 (Numeric Only)
width

Null Difference

-25

Alternative Hypothesis

two.sided

Significance Level

0.05

Shapiro-Wilk Test (Normality)

Paired t-test

Model Surmmary Data View

Descriptive Statistics
n mean median sd se
weight 173 24372 23500 05770  0.0439

width 173 262988 261000 21091 0.1603

t-test
t df pwvalue  mean.ofthedifferences se lowerCl upperCl

9.2457  172.0000  0.0000 -23.8617 01231 -241047 -23.6186

Wilcoxon Test
| Single Rank Test

V  p-value

12665.5000 0.0000

-11 -



t-test

t-test m Unpaired t-test

Type of t-test

) Onesample ' Paired ® Unpaired

Model Summary Data View
Variable (Numeric Only)

width - o o
Descriptive Statistics

Group Variable

. n mean median sd se
spine -
1 37 271108 26,8000 24119  0.3%9465
Group 1
1 - 3121 262455 26.2000 19251 01750
Group 2
3 . t-test
Null Value t df pwvalue meanofx  mean.ofy se  lowerCl upperCl
0 22495 1560000  0.025% 27.1108 26.2455  0.3847 0.1055 1.6252

Equal Variances

TRUE v ¢ Wilcoxon Rank Sum Test

Alternative Hypothesis

4

two.sided

Wilcoxon Test

Significance Level

o W  p-value

1 Shapiro-Wilk Test (Mormality)

[ Levene Test (Variance Equality) 27 16.0000 0.0501

-12 -



ANOVA

¢ Kruskal-Wallis Test

ANOVA Formula: sat ~ color
ANOVA m

Variable (Numeric Only)

Model Summary Model Checking Plots KrUSkal‘Wa”iS ReSU|tS
sat b
Group Variable ANOVA Statistic df p-value
Df Sum.Sq Mean.Sq Fvalue Pr..F.
10.7692 3.0000 0.0130
Make Interaction Variable Model 1 62.0550 62.0550 6.4593 0.0119
Residuals 171  1642.8120 9.6071 NA NA
Total 172 1704.8671 NA NA NA
[} Shapiro-Wilk Test (Normality)
[ Breusch-Pagan Test (Homoscedasticity) Specific Results
- Kruskal-Wallis Test Df Sum.Sq Mean.Sq Fvalue Pr.F.
color 1 62.0550 62.0550 6.4593 0.0119
Residuals 171  1642.8120 9.6071 NA NA
Total 172 1704.8671 NA NA NA

-13 -



ANOVA

Albatross Analytics  Datalmport  DataManagement v  BasicAnalysis~  Regression~  Random EffectModel v  Survival Analysis ~

ANOVA Formula: NULL
ANOVA

el e S Model Summary Model Checking Plots

sat -

Group Variable

color spine color:spine

Make Interaction Variable

color spine

Shapiro-Wilk Test (Normality)

Breusch-Pagan Test

-14 -



Albatross Analytics Data Import Data Management « Basic Analysis ~ Regression « Random Effect Model ~ Survival Analysis ~

ANOVA Formula : sat ~ color+spine+color:

ANOVA
R Model Summary Model Checking Plots
sat A
Group Variable ANOVA
Df Sum.S5q MeanSq  Fwvalue Pr..F.
. . Model 11 147.8008 134364  1.3893 0.1824
Make Interaction Variable
color spine Residuals 161  1557.0662 26712 NA NA
Total 172 1704.8671 NA NA NA
Shapiro-Wilk Test (Normality)
Breusch-Pagan Test Specific Results
Df Sum.Sq MeanSq Fvalue Pr.F.
color 3 675212 225071 23272 0.0766
spine 2 19.2533 24266 09954 0.3718

color:spine 6 610263 101711 10517 0.3%941
Residuals 161 1557.0662 9.6712 NA NA

Total 172 1704.8671 NA NA NA

-15 -



Frequency Analysis

Frequency m

Analysis
Row Variable

color i

| Use Column Variable
Column Variable
y -
¥/ Row Percent
L] Column Percent
L Percent

¥ Chi-squared Test

Data Summary

Total

0

3

26

18

15

62

Frequency Table

1

69

26

111

-16 -

Row Variable : color, Colul

Chart

Total

12

95

44

22

173

0

25.0000

27.3684

40.9091

68.1818

Row Percent Table

1

/5.0000

72.6316

59.0909

31.8182



¢! Chi-squared Test

¢ Fisher Exact Test

Pearson's Chi-squared

X-squared df p-value

14.0775  3.0000 0.0028

Fisher Exact Test

p-value Alternative

0.0032 two.sided

-17 -



orrelation Analysis

Albatross Analytics Data Import Data Management - Basic Analysis ~ Regression ~ Random Effect Model ~ Survival Analysis ~

. ) Correlation Analysis Results
Correlation Analysis

Variable Selected Correlation Results Correlation Plots
crab sat
\ weight

Wldth. Correlation Matrix

colspi

sat weight width colspi
sat 1.0000 0.3692 0.3399  -0.1479
weight 0.3692 1.0000 0.8869  -0.2552
width 0.33%9 0.8869 1.0000 -0.2236

colspi -0.1479  -0.2552 -0.2236 1.0000

®®

Coefficient Type Sample Size
Pearson T
Count
Plot Type Total 173
Scatter -

Probability Values
sat weight width colspi
sat -0.0000  0.0000 0.0000 0.0521
weight 0.0000  -0.0000 0.0000 0.0021
width 0.0000  0.0000 -0.0000 0.0062

colspi 0.0521 0.0007 0.0031  -0.0000

-18 -



Coefficient Type

Spearman

Correlation Matrix

sat
sat 1.0000
weight 0.4048
width 0.3744

colspi -0.2115

Sample Size

Count

Total 173

Probability VValues

sat
sat -0.0000
weight 0.0000
width 0.0000

colspi 0.0052

-19 -

weight
0.4048
1.0000
0.8921

-0.2509

weight
0.0000
-0.0000
0.0000

0.0009

width

0.3744

0.8991

1.0000

-0.2130

width

0.0000

0.0000

-0.0000

0.0049

colspi
-0.2115
-0.2509
-0.2130

1.0000

colspi
0.0098
0.0026
0.0098

-0.0000



Correlation Analysis Results

Correlation Results

Correlation Plots

sat

o-dke @

B

weight

o PUWEETE oo
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2. Linear Model

HIS H (Response) y = Chs 371X =2 BH=F
y 1 n*1 @BIE (column vector)
@ G4 (normality) : y ~ normal
@ ME7MHA (linear additivity) : p=E(y)= XB
u:yel i X EHWME (model matrix), g : ZHIEH

® =2t (constant variance) : var(y)= ¢I (free of Y)

-21 -



crackgrowth data(crackgrowth(page72).csv)

@ y : increment of crack length measured on a compact tension steel
test

@ crackO : initial value of crack

e cycle : number of cycles/10°

Model
y = Bo + Picrack0 + Bacycle + e
ID y crackO specimen cycle phi lambda
1 ;| 0.05 0.9 1 001 1 1
2 2 0.05 0.95 1 002 1 1
3 3 0.05 1 1 003 1 1
- - 0.07 1.05 1 0.04 1 1

5 5 0.07 112 1 0.05 1 1

-22 -



Linear Model Model Summary

Model
Model Summary Model Checking Plot Prediction

LE

y ~ crackO=cycle P
o
Model: y ~ crackO+cycle
Response Variable
¥ v ANOVA Model Summary
a Df SumSq MeanSq F value Pr{=F) Miwn of abs 241.00000
able crack0 1 020821 020821 179620648  0.00000 F(2,238) 1034.30901
1D " cycle 1 003158 0.03158 27241154  0.00000 Prob > F 0.00000
:pecimn Residuals 238 002759  0.00012 NA NA R-squared 0.89502
phi Ad| R-squared 0.89595
lambda Coefficients Residual Std.Error 0.01077
Estimate  Std. Error t value Pri>|t|)
(Intercept) -0.24423 000806 -30.32044  0.00000
cracko 031493 000959 3282705  0.00000
cycle 081232 004922 -16.5048%  0.00000
|
o
Interaction

-23 -



Model Checking Plot
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Ozone data(ozone.csv)
e Ozone relation to meteorological variables

e data gives ozone concentration(y in relation to nine meteorological
variables (z1 zg), there being 330 units. These data have been
used by Breiman (1995), among others. He derived the following
four regression models for y.)

Model
@ modell : 2%+ 22 1+ 22 1+ ¢ 4
. 4 8 204 T L2L5
e model2 : z! + zx + il?% -+ :Eﬁib‘é + ToT4 + T5T7

e model3 : 2° + zy4x5 + -I-ib‘% + ToT4 + T2TH

@ modeld : ! 4+ z9 + x4 + x5 + x5 + :177:1:% G :t‘ﬁxé + o4 + THIT7

- 25 -



Albatross Analytics

Upload your data file

Qrore s

o Meader

separator

Lomma -

Show /10 ¥ entries —

xl u2 %3 xé 4] b w7 i x? ¥y
1 5710 4 ¥ 40 2673 25 g7 250 3 3

2 370 J 43 390 24 128 100 4 5

3 5760 ] L1 54 1450 25 139 &0 5
4 5720 4 &9 35 1568 15 121 L] b &

5790 # 19 45 2631 J 123 100 4
& 5790 3 5 55 554 26 182 250 8 4
7 5700 3 3 11 083 23 114 120 L &
B 5700 ] 59 ad 1654 -2 b | 120 10 7
? 5770 8 o 54 5000 19 92 120 11 4
10 5720 1 44 51 i1 G 173 150 12 &

Showing 1 1o 10 of 330 entries Privious i Z 3 4 5

- 26 -



Albatross AI"IB'YtiCS Data Import Data Management ~ Compare

& Make Variable

New Variable Name

Make Variable
x5*%7
variable
operator
-
| | Add Variable
2 X5 5 7 3 3 5
1 8 28 48 593 8 o 1 k 18 L 1
578 5 599 =2 B 1@ 4 5 1 2825 576 1778@
3 X 51 54 1458 25 139 68 S 1 291¢ 52 162 58
+ s b 3 568 215 = 3 = 1

-27 -



Model 1

Linear Model

Model

¥ = ebbxdnd éulua dndxdng

Resporse Variadle

Varlable
a1

%3
]
L]
x7
x8
x§

Iﬁiif‘g

eyl
x5x7

L] Omset Variable

" Comparison with nther model

Model Summary  Model Checiing Flot

Prediction

. Model: y ~ x6+xdxd+x6x6+X2x4+X2%5

ANOVA

Sum5q
967 4044

62361224

Df
1
1 1261898881
1
1 4712079
1

kR

BI2z2N9

Resduals 324 650504067

Coefficients
Estimate  Std Error
[bercept] 155144  B&650
0378 Q00ET7
000280 Q00023
400092 000038
000093 Q0C2E0

30 S S

000012 000003

Meansq
56742046
12618.98881
62361224
6742079
33322909
007729

talue
183664
499197
1157586
521183
140413
40T

Pri>F)
000000
000000
000000
008841
0.0000¢

-28 -

Model Summary
Num of obs 330.00000
F(5,324) 14554124
Prob>F 0.00000
R-squared 069193
Adj R-squared 068717
Residual Std Error 448077
AIC 1934.30863




Model 2

Model Sommary  Model Checing Pt Prediclion

Linear Model
Model: y ~ x1+x5+x2x2+x4x4+xbx6+x2x4+x5%7
Model
A
¥ = xS shebbabad ST g
ANOVA N1
odel Summa
Response Variable D SmSq  MemSq  Fuae  Prpf) Y
¥ S al 1 77BB76560 770874560 B4TAI4 000000 Num of obs 330,00000
5 1 20602619 22682619 11263012 000000
Variable Selected !
- - - 0 1 20051496  290SMRE 1442584 000017 F(7,322) 103.78282
;’ :: ; e | Q06707969 A0GIOTRES 20094283  0,00000 Prob> F 0.00000
: rx e 1 11823502 118802 SATSH  0015%
x
. a2k ! a2t 1 255049 255089 012884 032207 R-squared 0.69289
y psz |
- BT L 7505395  7SO535 372678 005442 .
. ‘ Adj R-squared 0.68621
o Residuds 322 648478016 2013907 NA N8
Coolficien Residual Std.Error 448766
Estimate  Sd.Erer  tvalve  Ppit) AIC 1937.27921
P (o) 1709917 2711466  DSIE2 052873
l 000274 000480 -OSTIS! 054308
5 000058 Q00027 214195 00329
. Oriset Varatle 22 000319 QD158 023472 081488
[ Cemparison with other moce| it 000342 Q00029 1143740 QOO0
O Mughs 16u5 000036 Q00015 -234319 001571
alvd Q00016  DO00TIY  -DD4ASE  DREIS0
OvE 257 Q00000 Q00000  -1LYAM? 005847

-29 -



Model 3

Linear Model
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Mode! Summary
Num of abs 330.00000
Fi8.321) 10160810
Prob>F 0.00000
R-squared 071690
Adj R-sauared 0.70984
Residual Std Error 431538
AlC 191241683




Model 4

Linear Model
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Model Summary
Num of obs 33000000
F(11,318) 7465964
Prob > F 0.00000
R-squared 0.72087
Adj R-squared 071122
Residual Std Error 4.30516
AIC 191375287

model

Model 1

Model 2

Model 3

Model 4

AlC

19343

1937.3

19124

19138




Residual plots for Model 3
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3. Generalized Linear Model

S B 7}

—

Proportion Count
qdd y~B(m,p) y~Poisson(M)
MY O<u=mpzXBERT O<p#XBERT
SE =AM var(y)=mp(1-p) var(y)=y

-33-



y~Poisson(J)

@ drd:ys
@ 7t
©),

I:IA-l
— H
SN

-34 -



@ y~X[+= (exponential family)

- M Ol ZOols ZolEx 5
@ n=9(w)= Xp

g : &&= (link function), p=E(y)

n: M FEH= (linear predictor)
@ var(y)=¢V (1)

¢ :varly) 5 y b= 3= LHE (dispersion) B

_I_

V(y) : =&tk (variance function)



GLM classes

(1) y ~ B(n,p) : Bl= (proportion) A=
1) logit : log(p/(1-p))=XB =» EXZH (logit model)
2) probit : @7 1(p) = XB, ®() : cumulative distribution of N(0,1)
3) complimentary log-log : log(-log(1-p))=Xp
(2) y ~ Poisson(u) : 7= (count) At=
1) log : log(u)= XB =» EAMHEH (log-linear model)
(3) y ~ gamma(u) : L2 A=, 0| ZI7IS5IHA 240 S7t.
1) inverse : 1/u= XB

2) log : log(p)= Xp

- 36 -



Ozone continued

GLM
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Model Checking Plot
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Cancer data(Cancer.csv)
@ survival and death for 539 males diagnosed with lung cancer
@ count : number of deaths from lung cancer
Histology : type I, 11, 111

°
e stage : stage of disease (value : 1, 2, 3)
°

time : follow-up time interval after the diagnosis grouped into 2
month

@ risktime : total time at risk

e model : n = log pijr = logtijx + Bo + 31’” =5 ﬁjs 5 5 ﬁ{

time histology stage count risktime

157

77

4% ] (0 ]

21

13%

I Ca (%] S
Pl [ %] = [ [
— (=] b [ —
it [ r— ] o
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Albatross Analytics Datalmport  Data Management -

¢ Make Variable 1

New Variable Name

Make Variable

ogirisktime

variable 2

risktime

operator

|{'J!-'_ -

e
b
=]
s
w

5 i stage g L F1LEXT e 1D sLLime

- 40 -
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Albatross Analvticg Data lmport Data Management « Compare Means « Regression « Random Fffect Model -

Convert factor variables Name Type Label
4 time time factor N/
¢ histology histolagy factor NA
* slage )
- stage factor A
ol
. count integer /s
risktime
logrisktime risktime integer NA
logrisktime  numeric  NA

Label

- 41 -



Moded jo.g y-ushin® 2|

4 ccunt - histology +stage+time

Resporse Vailabie
(Nt

Variable

count
risktime
logr sictime

2

Selectad
st by

sLape
time

Diistribution

et

Binamia dencemiralon
Link Function

iq.F

Interaction

Distribution

podston

Binarmial dencamiraloct
Link Feaction
0§
Mo inferapt soda

W Ot Vailalie

Oftset Variabla

g ol ]lire

Coamarison with other mode

Moy e
VAF

Robust standard errons

Conhdence intervals for codffcients

Emporential scais

Model Summary

Model: count ~ histology+stage+time

Madel Summary

Family
Link

Optimization

data
polsson
lag
WwiLs

Num of iteration 5

Coefficients

(Intercept)
histology 2
histology2
stagel
stage3
time2
time3
timed
time5
timesé

time7

- 47 -

Estimate Std. Error z value Pri=jzl)
-3.00928 0.16651 -18.07254 000000

0.16244 0.12195 1.33202 0.16285
0.10754 0.14745 0.72933 0.46580
0.47001 0.17444 2,69439 000705

132431 0.15205 870949 000000
012745 0.14908 0.85494  0.39259

Q07972 0,16352 408758 042545
0.11892 0.17107 0.49518 048404
066511 0.26061 -255210 001071
-0.35015 0.24348 -1.43810 0.15040

017518 0.24985 0.70115 048321

MNum of obs

Res. deviance(df=52)
Null deviance(df=62)
Log k=l hood

AlC

BIC

463.00000
4392253
17571781

-114.87133

251.74266

275.31715



Model Checking Plot
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Predictions

Mode! Summary Model Checking Plat Prediction

time  histology  stige  counl  riktime  logriskiime
1 1 1 ¥ 157 504
1 2 1 5 v 434
1 3 1 1 21 204
1 1 1 2 493
F 4 2 1 2 &3 440
i 3 1 1 r 283
3 1 1 § 126 454
3 2 H 3 &3 414
3 3 1 1 14 264
4 1 | 10 102 462
4 2 1 2 55 4am
4 3 1 1 12 248
3 1 1 1 B8 443
5 2 i 2 ) an
5 3 1 L) 10 230
& % 1 3 a 44
¢ 2 H 2 45 am
& 3 1 1 L 208
7 | 1 1 7%

7 2 1 2 47 374
7 1 1 ] & 179
1 1 rd 12 1= 490
1 2 2 4 n 424
1 3 4 1 22 309
F 1 F 7 110 470

pred  predILL  predSUL  SludestResidual  leverage

774

447

a4y

574

71

kR

EEsEEER

459
183
744

55%
118
a7

141

s2 k3t
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11
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018
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€13

014

@16
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Death T otal

Treatment 41 (py) 733
Placebo 60 (p2) 742

Binomial Distribution / Logit Model

X1 ~ Bin(733, p1), X2 ~ Bin(742, p2)

Logit Model : log{p1/(1-p1)}=p0, log{p1/(1-p1)}=L0+B1
Trt group?| odds (=AIZ=2HE/EH2E) : p1/(1-p1)=exp(B0)

Placebo group?| odds : p2/(1-p2)=exp(B0+p1)

e><p(81)=g$%ig% : OR (2ZH|: Odds Ratio) : Trt CHH| Placebol| At CHEH @ =H|

- 45 -



Model (e.g. y~x+I(x"2))

cbind(y,n-y) ~trt

Response Variable
y -
Variable Selected
y
.o n
logistic1.csv
Show entries Search: |

; : . O,
®

1 41 733 1
Interaction
2 60 742 2
Showing 1to 2 of 2 entries Distribution
binomial -

Binomial denominator

Binomial denominator

n -
Link Function
logit -

- 46 -



Model: cbind(y,n-y) ~trt

Model Summary OR=exp(0.3953))
it 95% CI : exp(0.395341.96 * 0.209)
Family binomial OR=1.51 (0993 224)
Link logit
Optimization IWLS
Num of iteration 3 Trt = pIacebooﬂ H|'('5|-02| A|—%|'§O'|| I:H'C'>|;|- X

£ 1.51 (95% Cl : 0.99, 2.24) Hi Z 2!

Coefficients

Estimate  Std.Error zvalue Pr(>|z])
(Intercept) -3.22134 0.34853 -9.24261  0.00000
trt 0.39533 0.20969 1.88534 0.05938
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o B 2170] 0] : SIS} NZHMS

Ech M &

E0d 170 (85%) 70 (35%)
H|ZH 30 130

Al 200 200

MIZM 200 H : MZZHY MBol= A YU

& 200 & : e} Hl=zer k| Lol

> & HE5: 4009 (HEH A5 20,0008)
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& MEA 0M2e] 2=H| = FEA H0fA{e] 2=H|

OR, = OR,

o) S%u} A2 ZA0| U (F&H HH)

. 0.85/0.15 _10.5=OR, = p, /(1—p,)
0.35/0.65 P, /(1—p,)

YYEEHEC EXHEI ] S0l et 2=H|7} 10.58 =C}.

SUXPL H|SAHAIECE ZHEH0]| Ciet 2=H]|7} 10.58 =C}.
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Model (e.g. y~x+I(x"2))

cbind(y.n-y)~x

Response Variable

y -~
Variable Selected
x
retro.csv y
Show entries Search:
,, " x ]
1 170 240 1 @
2 30 160 2 Interaction
Showing 1 to 2 of 2 entries
Distribution
binomial -

1 Binomial denominator
Binomial denominator

n hd

Link Function

logit h

- K5 -



Model: cbind(y,n-y) ~x

Model Summary

data
Family binomial
Link logit
Optimization IWLS

Num of iteration 3

Coefficients

Estimate  Std.Error zvalue
(Intercept) 3.24094 0.34885 9.29030

X -2.35364 0.24737  -9.51452

Pr(>|z|)
0.00000

0.00000

- 56 -

OR=exp(0.23536))
95% CI : exp(2.3536+1.96 * 0.2474)
OR=10.5 (6.5, 17.1)



4. Joint Model

weight.csv
- Ao|eHo| E HSEE ko)
AlO|R R 1 | MO|R B 2 '

5.3 /

5.7 9.9
4.7 8.5
3.5 7.1
7.7 10.3
4.9 8.8
7.6 8.9
5.5 8.1
2.8 8.3
8.4 9.1

5.7

4.7

3.5

7.7

4.9

7.6

5.5

28

8.4




o« oo chet 2l EH o« =4H0f oist Bl EA

Model Model

y,...x phi""l"‘){

Response Variable Model for phi(residual variance)

hi
Y - p

Variable Selected Variable Selected

y | Y

®®
®®

lmdmarantimem

-58 -



Coefficients of the model: y ~ x

link: identity Dist: gaussian
Estimate  Std.Error  t-value p_val LL UL

(Intercept) 2.6200 1.2007 21820 0.0291 0.2666 4.9734
X 2.9900 0.6669 4.4834 0.0000 1.6829 4.2971

Coefficients of the model: phi ~ 1 + x

link: log Dist: gaussian
Estimate  Std.Error  t-value
(Intercept) 2.2846 1.0541  2.1673
X -1.0836 0.6667 -1.6255

Likelihood Function Values and Conditional AIC

-2ML(-2h): 67.9398
-2RL(-2p_beta(h)): 67.5510
cAlC: 71.9398
Scaled Deviance : 18.0000
df: 18.0000

-59 -

AlO|QH 2= Alo|gtH 1
o H|SI{ HZXO = 3kg
aak

« AMO|RH 2= AlO|QH 1

o H|5t0{ Z4H0| 0.34H]|
(=exp(-1.084))



Model checking plots for mean

residuals

Studentized Residual

Sample Quantiles

-1.0 -0.5 0.0 05 1.0 1.5

-1.5

-1.0 -0.5 0.0 05 1.0 1.5

-1.5

Residuals vs Fitted

°

oo

55

6.0 65 7.0 75 8.0 85

scaled fitted values

Normal Probability Plot

o

Theoretical Quantiles

| Studentized Residuall

Frequency

1.5

0.5

0.0

|Residuals| vs Fitted

L]

8

o
1.

°

o

e
- T T T T T T
55 6.0 65 7.0 75 8.0 85

scaled fitted values
Histogram of Student Redidual

Model checking plots for phi

residuals

Studentized Residual

Sample Quantiles

Residuals vs Fitted

05

05 0.0

1.0

15

20

04 06 08 1.0

scaled fitted values

Normal Probability Plot

-1.0 05 0.0 05

15

2.0
o
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Theoretical Quantiles
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Frequency
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15

1.0
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5. Liner mixed model

Al
o

O ME

=
104
ni0
il

=
10}
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632| =t

—

Xto| Xz 21t

treatmenteffect.csv

patient

0 (=] ~ o w = w %] _

[y
[=]

20

26

16

29

22

24

12

24

17

21

[} N N ) [ e [y - - -

E- w N _- o w -3 w N —

Treatment Differenc Patient
Patient A B es Mean
A-B
1 20 12 8 16.0
2 26 24 2 25.0
3 16 17 -1 16.5
4 29 21 8 25.0
5 22 21 1 21.5
6 24 17 7 20.5
Mean 22.83 18.67 4.17 20.75
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+ Q8 HF 2+ error

V;=u+t, +p,+e;, (I"subject j” treatment)
- HE 1E

- FErrors @ ~ N(O,o-z)

J
- ol wEIE p ~ N(O,02)

-63 -



DHGLM

Model

y ~ x +(1| patient )

Response Variable

Y

Variable Selected

y

patient

®®

Interaction

Random Effects

patient

Cubic

Cova

Preci

Distr
gaL link: identity

Estimate  Std.Error

(Intercept)  27.0000 3.1572

Mc X -4.1667 1.8631

- 64 -

t-value
8.5519
-2.2364

p_val
0.0000
0.0253

Coefficients of the model:y ~ x + (1 | patient)

LL
20.8119
-7.8184

Dist: gaussian
UL
33.1881
-0.5149



Coefficients of the model: phi ~ 1

link: log Dist: gaussian

Estimate Std.Error t-value

(Intercept) 2.2185 0.5341 4.1537

Likelihood Function Values and Conditional AIC
Coefficients of the model lambda

2ML (-2 p_v(mu) (h)) : 64.7245
Estimate  Std.Error  t-value -2RL (-2 p_beta(mu),v(mu) (h)):  59.0353

patient 2.2246 0.8180  2.7195 cAlC: 65.6649
Scaled Deviance : 7.0113

df: 7.0113
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Model checking plots for mean

residuals A

Residuals vs Fitted

15
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. Hierarchical generalized liner model

e HIE ZH-E|0 ME H2E XtE

ey HI™EF (= or HE) & HGLM
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Epilepsy data(epilepsy(page66).csv)
@ Thall and Vail (1990)
e longitudinal data from a clinical trial of 59 epileptics
e who were randomized to a new drug or a placebo (T=1 or T=0)
o

The trial included the logarithm of the average number of epileptic
selzures
recorded in the 8-week period preceding the trial (B)

e the logarithm of age (A)
e number of clinic visit (V: a linear trend, coded(-3,-1,1,3))

e A multivariate response variable (y) consists of the seizure counts
2-week
periods before each of four visits to the clinic

- 68 -



ID | Trt | Sev W8
1 0 11 | 31 5 3 3 3
2 0 11 | 30 3 5 3 3
3 0 6 25 2 4 0 5
4 0 8 36 | 4 4 1 4
5 0 66 | 22 /7 [ 18 | 9 | 21
6 0 27 | 29 5 2 8 /
55 1 16 | 32 3 5 4 3
56 1 22 | 26 1 23 | 19 | 8
57 1 25 | 21 2 3 0 1
58 1 13 1 36 | O 0 0 0
59 1 12 | 37 1 4 3 2
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epilepsy(page66).csv

y T B A \') patient id
1 5 0 1011600912 343399 3 1 1
2 3 0 1011600912 343399 1 1 2
3 3 0 1011600912 3.43399 1 1 3
4 3 0 1011600912 343399 3 1 4
5 3 0 1011600912 34012 3 2 5
6 5 0 1011600912 34012 1 2 6
7 3 0 1011600912 34012 1 2 7
8 3 0 1011600912 34012 3 2 8
9 2 0 0.405465108 3.21888 3 3 9
10 4 0 0405465108 321888 1 3 10
Showing 1 to 10 of 236 entries Previous 1 2 3 4 5 24 Next

-70 -

Ot 2 & ;=S| 7HAIH BIX}O

0 (M 22 2, 1(7HR2h

. log(Age)

. linear trend for visit (-3, -1, 1, 3)
patient : 59% 2X} HZ
id : 23671 (=59*4) &KX H=

y
-
B : log(Baseline)
A
V



y;j: response variable for the i th patient and j th visit
Eijlvi, vij)=p;;  and var(y;;|v, vij)=u;;
log(uij)=PBo + BeB; + BrTi+Pp.rB; * T; + ByV; + v; + vy

v; . patient effect, v;; : patient and visit effect

Poisson - normal HGLM

v;~N(0,1,) v;;~N(0,1;) HZFSZ 1} (random effect)

NB (Negative Binomial) - gamma HGLM : allowing different distributions for random effects

exp(v;)~G(1,4;) exp(v;;)~G(1,4;) : gamma distribution with mean 1
and variance 14,4,

- 71 -



DHGLM

Model

¥~ B+T+A+BIT+V

GLM

RAlUUI CITELLY

CubicSpline 1D

Covariance Kernel 1
PrecisionKernel 1

I Random slope model

[ Interaction in the Random effect
Distribution for Random effects 1

gaussian

Upload neighborhood file 1

Distribution

poisson

Response Variable 2
y -
Variable Selected
Y - B -
patient T
id A
B:T
\4
(&)
Interaction 1
BT
Random Effects

CubicSpline 1D
Covariance Kernel

Praricinn Karnel

" Binomial denominator
Link Function

log

] Nointercept model
] Offset Variable

I Comparison with other model

O VIF
I Robust standard errors
) Confidence intervals for coefficients

| Exponental scale

Model Summanry

Model Checking Plot

Prediction

Coefficients of the model: y~-B+T+A+B:T+V

link: log

Estimate Std. Error
[Intercept) -2.80 0.41
B 0.95 0.04
T -1.34 0.1&
A 0.20 0.12
W -0.03 0.01
B:T 0.56 0.06

t-value p_val

-6.87 0.00

21.80 0.00

-8.56 Q.00
770 .00
-2.90 0.00
8.85 0.00

Coefficients of the model: phi~ 1

link: log

exp(LL)
0.03
2.37
0.1%
1.95
0.25
1.55

Dist: gaussian
exp(UL)
0.14
2.81
0.36
3.08
0.99
1.99

Dist: gaussian

Likelihood Function Values and Conditional AIC

-2ZML (-2 h):

-2ZRL (-2 p_beta (h)) :
cAlC:

Scaled Deviance:

df:

-72 -

1635.20
166475
1647.70
86991
230.00



PO i S SO n - N O rm a | I—l G L M Model Summary Model Checking Plot Prediction

- Coefficients of the model:y ~B+ T+ A+ B:T+V + (1| patient)
4 Interaction
DHGLM m BT link: log Dist: gaussian
Estimat Std.E t-val | LL UL
Random Effects stimate rror value pval exp(LL) exp(UL)
) (Intercept) -1.20 Q.02 -0.76 0.45 0.01 6.70
Model patient
B 0.87 Q.00 4.90 0.00 1.69 3.38
v~ BTHASBT+V +(1] patient) i @ T -0.94 001  -177 008 0.14 1.10
#  CovarianceKernel  J§ A 0.44 0.00 095 034 0.63 3.86
IResponse Variable 2 Precision Kernel » W -0.03 0.00 -2.89 0.00 0.95 0.99
Y M [ Random slope model BT 0.33 0.00 1.23 0.22 0.82 2.38
\Variable Selected [l Interaction in the Random effect
Y - B - Distribution for Random effects 1 : . :
patient T Coefficients of the model: phi~ 1
id A gaussian -
BT link: log Dist: gaussian
v Upload neighborhood file = 1
Distribution 3 Coefficients of the model lambda
poisson T Estimate  Std.Error  t-value
@ [_| Binomial denominator patient -1.16 0.01 -5.61
“‘-Ji Link Function
Interaction - . . . oy
1] s Likelihood Function Values and Conditional AIC
BT
[ Nointercept model -2ML (-2 p_v(mu) (h)) : 1339.26
Gl 0 Offset Variable -2RL (-2 p_beta(mu)v(mu) (h)): 134858
tient
patien [l Comparison with other model cAIC: 127267
CubicSpline WD Scaled Deviance: 399.17
Covariance Kernel » L VIF df: 18225
Sz (el » [l Robust standard errors
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NB-Gamma HGLM

DHGLM

1=

Model

y ~ B+T+A+B:T+V +(1] patient) +(1]id )

[

CubicSpline 1B
Covariance Kernel 1)
Precision Kernel 1
] Random slope model

) Interaction in the Random effect

IRespnnse Variable

y -
Variable Selected
V4 a B -
patient T
id A
B:T
\

P®

Distribution for Random effects 1

gamma

Distribution for Random effects 2

gamma

Upload neighborhood file 1

Distribution

poisson

) Binomial denominator
Link Function

log

Interaction

BT

Random Effects

patient id

CubicSpline 1D
Covariance Kernel 1

Precision Kernel

] Nointercept model
) Offset Variable

] Comparison with other model

L VIF
) Robust standard errors
] Confidence intervals for coefficients

[ Exponental scale

Model Summary Model Checking Plot

Coefficients of the model:y~B+ T+ A+ B:T+V + (1| patient) + (1] id)

Prediction

-1.04
6.21
-2.08
1.33
-148

link: log
Estimate  Std.Error  t-value
(Intercept) -1.30 0.01
B 0.89 0.00
T -0.84 0.00
A 049 0.00
vV -0.03 0.00
BT 0.33 0.00

Coefficients of the model:

link: log

1.58

p_val
0.30
0.00
0.04
0.18
0.14
0.11

phi~1

Coefficients of the model lambda

Estimate  Std.Error  t-value
patient -1.29 0.01 -5.79
id -1.98 001 -12.29

exp(LL)
0.02
1.84
0.19
079
0.94
0.92

Dist: gamma Dist: gamma
exp(UL)
3.20
3.24
0.95
3.38
1.01
2.08

Dist: gaussian

Likelihood Function Values and Conditional AIC

-2ML (-2 p_v(ru) (h)) = 1255.58
-2RL (-2 p_beta(mu)yv{mu) (h)):  1270.83
cAIC: 1163.92
Scaled Deviance: 14257
df: 108.34
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Poisson-Normal HGLM NB-Gamma HGLM

Model Checking Plot Pre

Model Checking Plot Pr

]

Model checking plots for mean Model checking plots for mean

- i 1 -
residuals - residuals
. " . " Residuals vs Fitted Residuals| vs Fitted
Residuals vs Fitted |Residuals| vs Fitted l l
o v | .
L | [} N
o o |
o o 2
= - w | .
- _ w z T N
: : £ g
= = a
oo R £ o4 & o
= z H H
T 3 o] H
i B : HER
R AN - E
2 2 @ =
o o v . e
o ™o o B -
b Bl
AN w)
- o 7
n m -
T+ 7
: a |
a
21 T T T T T T T T T T
T T T T T T T T T T 0 1 2 3 4 0 1 2 3 4
0 1 -4 3 4 ] 1 z 3 4
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scaled fitted values scaled fitted values
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respiratory(page111,159).csv

patient treatment sex age center baseline past y trt msex base
1 1 placebo male 46 1 0 0 0 0 1 0 patient - 111 patients
2 1 laceb | 46 1 0 0 0 0 1 0 .
S o treatment : 54 active, 57 placebo
% 1 placebo male 46 1 0 0 0 0 1 0
center : center 1 (56 patients), 2 (55 patients)
- 1 placebo male 46 1 0 0 0 0 1 0
5 2 placebo e 28 1 0 o 0o o 1 0 baseline, base : previous y
6 2 placebo male 28 1 0 0 0 0 1 0 y : good:']l poor:O
7 2 placebo male 28 1 0 0 0 0 1 0
msex : male=1, female=0
8 2 placebo male 28 1 0 0 0 0 1 0
9 3 active male 23 1 1 1 1 1 1 1
10 3 active male 23 1 1 1 1 1 1 1
Showing 1 to 10 of 444 entries Previous T 2 3 4 5 45 Next
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@ With binary data it is difficult to identify the distribution of random effects.

@ The use of a heavy-tailed distribution for random effects, by allowing random effects for A,
removes sensitivity of the parameter estimation to the choice of random-effect distribution.

@ For binary data, GLMM estimators can give serious biases if the true distribution is not

normal.
e Taking advantage of DHGLM is recommended.

Pij
1 - pj
- () @, W

log(A;) =B, +ageB]” +v,

where \'E“) ~ N(0, A;) and vf.“” ~ N0, 1)

=By + B trt; + By msex; + By age; + B’ center; + B3 base; + B yij1) + v}

log

Normal Probability Plot Normal Probability Plot
o~
Q coC
2
g
‘g (= % =
= =
o = o &) vT =
o ! > o
e a
R A
o P
] 5 :55§ -
[ 00 1
0 q‘- 0

I I | 1 I
-2 -1 0 1 2 -2 -1 0 1 2

Theoretical Quantiles Theoratical Quantiles
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Model Summary Prediction Mode

Binamsal-Normal HGLM g voseitorpni e

Mode! CubicSpiine 1
¥ ~ tri+msex-+age+center+base+past +1| patient ) & opci K »
PrecisionKernel T

Response Variable Distribution of Random Effects
Y - gsussian -

Variable
patient
trestment
sex
baseline

¥

Model for lambda 0 Use

patient

CubicSpline 1B
Covariznce Kernal ) ]
Precision Kernel 18
b Random slope model
Random slope

[0 Interaction in the Rendom effect
Distribution for Random affects 1
gaussian -

Upload neighborhood file I

Distributi
binomial -
[ Binomial denominator
Link Function

logit -
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Binamial-Normal DHGLM gy

Mode!

y ~ tri+msex+age+center+base+past +[1] patient )

Response Variable

Y
Variable Selected
patient ot
treatment msex
sex age
baseline center
L baze

I

Interaction
Random Effects

patient
CubicSpline WD

CovarianceKernel B
Precisionkernel 1B
& Random slope model
Random slope

7 Interaction in the Random affect
Distribution for Random effects 1
gaussian

Uplcad neightorhood file 1D

Dictributi
binomial
O Binomial denominator
Link Function
logit

e a o s

Model for phi

CubicSpline 1B
Caovariance Kernel ) ]
PrecisionKernel B

"Distribution of Random Effects

Model for lambda

Model

lambda ~ 1 +age +(1] patient]

Model for variance of random effect in the mean model
lambds

Variable Selected
patient

treatment

®®

L3N ()
i ? E

Link Function
log

Distribution for Random effects 1

gaustian

[ Offset Varisble
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@ The likelihood ratio test for Hy : v = 0, based on the restricted likelihood, rejects the null
hypothesis (the deviance difference for HGLM and DHGLM is 3.3 > )(%5( 1)=2.71)

@ Furthermore, in this example there are apparent differences between paramter estimates.

Table 6.7 HGLM and DHGLM results for the respiratory data

HGLM

DHGLM

Estimate SE t-value Estimate SE t-value
model for the mean
i —-1.111  1.033 -1.075 -0.290 1.683 —-0.172
gy 1.256 0415 3.028 1601 0.640 2503
g —0.261 0597 0437  —0.541 1030  0.525
gy —0.035  0.019 —1.880 —0.060 0.032 -1.873
i) 0.682 0419 1.626 0672 0654 1.027
gl 1.821 0446 4079 2411 0672  3.586
g 0.575 0304  1.891 0051 0338 —0.152
model for the random effect variance
s —0.683  0.737 —0927 0015 0345 0.042
g 0.047 0020 2339 0067 0010 6976
log(7) -1.246  3.020 -0.413
likelihood values and ¢AIC
—2 log (likelihood)  431.0 428.2
=2 log (restricted 4384 435.1
likelihood)
cAlC 422.5 413.6

@ In this case, we should report the results from the DHGLM because a distributional
assumption of random eftects is hard to identify with the binary data.
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Model checking plot for lambda
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7. Survival data analysis

= MEZ(survival rate, survival function):
- S(t) = Pr(T > 1)

- §-_Rf7f tA|I‘| 0|M AH

- SIRFIF tA|E VK| AF

2|88t (hazard rate, hazard function):

- h(t) = f(t)/S(1)
- O 2HXH tAIE A= ERUCHE tAlE BEZ A 20| MY
oHA El= =¢fldE

Of CHH = HOtX|= B

M

(Note) dE=20| ==& 3¢



= MZ=F (survival rate, survival function):

- S(t) = Pr(T > t)

A7 tAIE Ol dES =5

(=1 YN
- 2FARZE tAIEEA| AFYSHR] B0 HEE =HE
- No ° A

0 censoring: S(t)
= Y& et=(hazard rate, hazard function):

- O ZEXEZE AR | = SEUCHE A BEZE 20 AHY

(Note) dE&E0| ==+5F ?/FS0| HHZE ROIX|= 8
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kidney(page224).csv

id : patients identifier for 38 patients

time [ time until infection since the insertion of the catheter

Status : event stuatus (=1; infection, =0; censoring)

Age : age of patients in years

Sex : T=male, 2=female

Disease : a factor for disease type with levels Other, GN, AN, and PKD

id time status age sex disease
1 1 8 1 28 1 Other
2 1 16 1 28 1 Other
3 2 23 1 48 2 GN
4 2 13 0 48 2 GN

5 3 22 1 32 1 Other
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Survival Time (time): time until the first and second recurrences of kidney infection
(n; = 2) since the insertion of the catheter.

g = 38 patients.

The survival times for the same patient are likely to be correlated because of a shared
frailty describing the common patient’s effect.

249% of the data was censored.
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Kaplan-Meier
Estimator

Survival time (Numeric Only)
time
L) Initial Time

Indicator (Numeric Only)

status

| Use Group

Result

Data Summary

Data Summary

records

76.00

n.max

76.00

Kaplan-Meier Estimate

n.start

76.00

- 86 -

events

58.00

*rmean

137.02

Kaplan-Meier Curve

*se(rmean)

19.77

median

78.00

0.95LCL

38.00

0.95UCL

141.00



Data Summary Kaplan-Meier Estimate Kaplan-Meier Curve

Kaplan-Meier Estimates

time nrrisk n.event censored survival stderr lower95%Cl upper 95%Cl
2.000  76.000 1.000 0.000 0.987 0.013 0.961 1.000
4.000 75.000 0.000 1.000 0.987 0.013 0.961 1.000
5.000 74.000 0.000 2.000 0.987 0.013 0.961 1.000
6.000 72.000 0.000 1.000 0.987 0.013 0.961 1.000
7.000 71.000 2.000 0.000 0.959 0.024 0.914 1.000
8.000  69.000 2.000 2.000 0.931 0.032 0.873 0.989
9.000  65.000 1.000 0.000 0.917 0.035 0.853 0.981
12.000  64.000 2.000 0.000 0.888 0.042 0.815 0.961
13.000  62.000 1.000 1.000 0.874 0.045 0.797 0.951
15.000  60.000 2.000 0.000 0.845 0.051 0.760 0.929

16.000  58.000 1.000 1.000 0.830 0.054 0.743 0.918
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Kaplan-Meier
Estimator

Survival time (Numeric Only)
time

! Initial Time

Indicator (Numeric Only)

status

¥ Use Group

Groups

sex

| Log-Rank Test

Log-Rank Test

Result

Data Summary

Group K-M Curve

Data Summary

Kaplan-Meier Estimate

Kaplan-Meier Curve Group K-M Estimates

records n.max nstart events *rmean *se(rmean) median 0.95LCL 0.95UCL
7600  76.00 76.00 5800 137.02 19.77 78.00 38.00 141.00
Group Data Summary
records n.max nstart events *rmean  *se(rmean) median 0.95LCL  0.95UCL
sex=1 20.00 20.00 20.00 18.00 65.29 29.85 22.00 12.00 30.00
sex=2 56.00 56.00 56.00 40.00 161.58 22.94 130.00 66.00 185.00
Log-Rank Test Table
N  Observed Expected (O-E)*2/E (O-E)*2/V
20.000 18.000 10.187 5.993 8.308
56.000 40.000 47.813 1.277 8.308
Log-Rank Test Results
Chisq  Degreesof freedom  p-value
8.308 1.000 0.004
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Group K-M Curve

Strata =+ sex=1 =+ sex=2

1.001

0.751

0.501

Survival probability

0.251

0.00+ I_‘ |

0 100 200 300 400 500 600
Time
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Model

Surv(time, status ==1)~
age+sex

Survival Time

time

L) Initial Time

Variable

id -
time

status

disease

frail

Selected

age -
sex

Censoring Indicator

status

Surv(time, status ==1)~ age+sex

Coefficients

coef  exp(coef) se(coef)
age 0.002032 1.002034  0.009246

sex -0.829314 0.436349 0.298955

Confidence Interval

exp(coef)  exp(-coef) lower.95
age 1.0020 0.9980 0.9840
sex 0.4363 2.2917 0.2429

Proportional Hazard Assumption
Check

chisq df p
age 0.106 1.000 0.744
sex 11.100 1.000 0.001

GLOBAL 12218 2.000 0.002
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z Pr(>|zl)
0.219749  0.826067

-2.774043  0.005536

upper.95
1.0204

0.7840

n number of events

76.00

Test Results

Likelihood
ratio test

Wald test

Score(logrank)
test

Concordance

0.662

58.00

Statistic

7.116

8.020

8.445

se

0.045

df

2.000

2.000

2.000

value

0.028

0.018

0.015



2M 0. T UE| 2 (frailty models)

p At by, 0|28, S=EHS

Vaupel et al.(1979), Clayton(1978, 1985)
x{o
! 9 IF’%M' I 2o de] U7} o4 of A7 93 E:

Mt) = Xo(t) exp(z18y + -+ + 28U,
M) 499 7]1A(baseline)?] HE,
Us #o] 19 HAE8 FZ(9: LN or gamma)E 7}2 o).
» 2|0j

(U =19 Ash2 9|7 Eo] FH AF
(RE U=1°¥ FM2 CoxEY)

(i) U< 19 Age B2 Agun 9880 22 4
(i) U > 19 Age 221 AgEr 9880 2 4T
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<tIFexte| MET ZHAIZHo| Set Yo A2

h

(McGilchrist & Aisbett, 1991)

1st ZFS3A) ZF 10 &% 2nd A7
2 2} 1' | ~"cT Tt I

|

SR A SAA AU A e H

-93 -



I Frallty Model Model Summmpry Eandom e infererce
og- — Models for conditional hazard: Surv(time, status == 1) ~ sex + age + (1
Surv(Sme stats =1~ sexesge ~{1 fe) Coefficients of the mean model
normal ——
= a Estimate Std Error  tvakee  povalee
model — P 433 043 320 O

EE&-‘;- bl o 000 00t 040 08
(HL(0,1))

Coefficients of the dispersion model
8 Estimate Std Ervor
Interaction
W Q33 0=
ol
Distribution fpr Randors Effect
s - Likelihood Function Values
o - 2n0 33040
[0 sroupedduration < hp 3077
U Congansan with cther medel -2pbvibgl 37154
[ Roberst standard errors
Do irtarvaizfor
O Exporerts scole
Additional Settings
Ddn it Asprox for Lik and Fastricted Likafhood(Dispersion]
Orderfor Mean
Q -
Orderfor Cfssersion
i -

80
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Model Summary Random Effect Inferences

log-
Models for conditional hazard: Surv(time, status == 1) ~sex + age + (1| id)
normal Coefficients of the mean model
model Estimate Std Error t-value p-value
sex 138 043  -320 0.00
(HL(O,1)) age 0.00 0.01 0.40 0.6%
Coefficients of the dispersion model
Estimate  Std. Error
id 053 032
Likelihood Function Values AlIC
-2h0 33040 CAIC 36246
-27hp 39077 mAIC 37070

Tphven 704 FAIC 37354
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Model Summary Random Effect Inferences
Frailty Model

Models for conditional hazard: Surv(time, status == 1) ~ sex + age + (1 | id)
gamma e Coefficients of the mean model

Surv{ time, status == 1}~ sactage +{1|id)

model e _ Etimate SWAEror tvake  pvake

0 s sax 147 048 -350 000
(HL(0,2)) - e we 001 001 052 080

Coefficients of the dispersion model
8 Estimate Std Error

Interaction id 058 028

Distribution for Random Effect Likelm Fumn Vik.lti

e e i) 32408

— " e 39174

[ grouped duration

[ Comparisan with ather medel 2 P,_D‘W arnsEe

E “""“”""‘“‘“’""‘" ‘ '3 bvihgl 36838

[0 Exponentsl scale

Additional Settings

s imation for Likelihood( 1) and Restricted Likelihaod{Dispersion)
Order for Mean
] -

Ordec for Dispersion 82
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Model Summary Random Effect inferences

gamma
model
(HL(0,2))

Coefficients of the mean model

Estimate Std Error
-16% 043
0.01 0.01

t-value
-3.50
052

age

Coefficients of the dispersion model
Estimate Std Error
id 056 028
Likelihood Function Values

-2hQ 32408
-2°hp 39174
-2°p bvihp) 37089
-2's bvihg) 36888

-97-

Models for conditional hazard: Surv(time, status == 1) ~sex + age + (1| id)

11

AIC
CAIC 35893
mAIC 370.34
rAIC 37289
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