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Question Does nitiation of hypothermia at 6 to 24 hours after birth reduce the isk of death or disabiliy 3t 18
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Table3. y Out RRs y of Treatment Effect*

Enthusiastic Prior Neutral Prior Skeptical Prior
No. (%) (RR,0.72) (RR, 1.0) (RR, 1.10)
aRR (95% U aRR (95%
Hypothermia Noncooled Credible Credibl Credible
Outcome (n=78) (n=79) Interval) PTB% _Interva) P-TB,% _lnterval) PTB, %
Primary Outcome
Death o 19(24.4) 2079 078(052-115) 90  086(058-129) 76 089(060-132) 73
moder: a!e severe
disability
Secondary Outcomes
Death® 9(115) 9(11.4) 074(045-121) 89 0.86(0.54-1.44) 73 090 (0.56-152) 67
Moderate or severe 10 (12.8) 13(16.5) 0.74(0.44-128) 87 089(0.54-148) 68 093(056-155) 61
disability
Severe disability' 9 (1L5) 12(152) 073(043-123) 88 0.88(0.53-150) 68 093 (0.55-1.55) 61
Moderate 1013 1013
disability-4
Mild disability* 16 20.5) 12(152) 10(0.62-162) 50 118(073-191) 25 123(076-20) 20
Asbrevitions: SRR adsed ik atic TB posterirprobabityof et ol fthe
benefit risk raio <1 0); R, 70, Function Classification
erence for RR evel S (GMFCS)levelf 3105, o lindnes orhearig mpirment withnbiey
nd 2h.>12

h). Variablesin lheadjusledanalyseswe«eomcome treatment, level of score between 70 and 84 and any of the following: a GMFCS level of 2

e

®Causes of =5).
=0, =N,
—_p Y =1,
=1.C: amplification.

greater

70and 84
with any of the following: a GMFCS level of 1 or 2, seizure disorder

jury (n = 5)
syndrome (n =1),and 2 were discharge).
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Objectives
Methods infarct
- trial results have been said to be too good to be true’.
methods of labl

Discussion .

beforeandalte the publction f the IS5+ el p
Concluding Remarks can
o

References iin the control group.

the trial or the risk

https://academic.oup.com/ije/article/31/1/96/655931

DANEZE

nalyses using the Peto method*® and DerSim
estimate of between-trial variance. A test of homogeneity of odds ratios (e Is as described by Wooll

data from 15 randomized trials of intravenous magnesium for acute myocardial infarction (data from Sterme et al*) with
i Laied (D-L) method® based on sample log(odds ratos) and a moment

Magnesium group

Control group

Tral Deatis 77 T o Deats 7f P oF
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199148, BMJICHRES =11z

e 1 EDORCTICEBATTFUSR
T T (Teo et al., 1991)
Togrnen : 0 : 122 19954, ISIS-4stBRODFEER N
D e S e o ] BESNSEAETICARSNT
iy " LVZ6 DDRCTZBINULTZ

107): e = 0.0002

Fixed effect (Peto) meta-analysis of above 15 trials: OR = 0.95.
ol C1:0.36,0.77)

Randon et -1 meta-lyals o sbove 1 ra: OR -

AGFTFISR

Higgins and Spiegelhalter (2002)
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Table 1 Brief summary of landmark publications from trials and lyses in magnesium for acute myocardial infarction
Year Publication Finding concerning ium t C
1981 First trial report!2  Trend toward smaller infarct size (43, later 76, patients) “Magnesium ... is promising and

deserves further study’!®

1991  Meta-analysis by Teo et al.'0 55% reduction in odds of mortality (8 trials) “further large scale trials to confirm

(or refute) the findings are desirable’

1992 LIMIT-2 large trial'® 24% reduction in mortality ‘a simple, safe and widely applicable treatment’
1993 Circulation editorial An effective, safe, simple and inexpensive treatment’ Recommends further trials to obtain

“a more precise estimate of the mortality benefit’
1995 ISIS-4 mega-trial ® Non-significant adverse mortality ‘Overall, there does not now seem to be

(58 050 patients) any good clinical trial evidence for the

routine use of

Higgins and Spiegelhalter (2002)

DEFEER DT IR NEIVER, BESORTREERT S 1SS >80 Mottt
BROTET > ANEDEURESN, BMOXSFFUSZTE, BRLMENSRENE,
UL, TOMDABUES 5 MEHBEER ISIS-45E T3, &7z < EHDBRNESN.
—#LUT. [EITRN] EOSHERIEIMNIZERZB. 10
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» Yusuf and Flather (1995) DIRBENER [ZDT—XT. &
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» Peto et al. (1995) & 33 D1EDFFTEXRDIEFINR (L. FFR
KHCKEWNWEEZDNEL] LEROBERZBRNTUD

> RA RO Z T DDTHNUE. ISIS-ALFIDOATT7FH IS
ADBFET, [BRNEFIDMEE D LRI ZITONEED
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Notations BENERET)L Fixed-effect model

> Y, YZ, o, Yyo SREBRC E DA W XL DIETE > INTOHERICHITDHEAY LLOBEBEHHIBETH D E1R
> 02,02, ..,08: SHEA ‘thtd)ﬁﬁﬂw)?ﬁmﬁ Tz UT, TOHEBEA Y X LEDHERZEITDS
g — X) > SEESROBRNE TR RIS H/RAE, Mantel-HaenszeliZ,
Y, =log{W}, PetoOne-stepi, WHBEUERE T, EEIGHECHITZIT
, g o oael STENTED
% _X_L'1+X_L'0+ni1_Xi1+ni0_Xi0
» X;1~Binomial(n;y, pi1)
» X;o~Binomial(n;g, pig)
13 14

Z2WMERTES)L Random-effects model DerSimonian-Lairds\DZENRET )L

> HERC EDERTH 1>, ,EE\%T%’%, BB, VORBDALRE. > ZEMRICED T, REBRBOEBEEZ=EFTILLUIEETIL
TEIFRERDEEMH(ICKD T, AENRDARETE (effect > Y;~N(6;07) (i=12,..,N)
§ize) (‘iﬁfdt%tfgﬁ"c"nﬁ > 0;~N(u,1?)

> B SONBAY XHLDRIB 61,6, . O BRI ARET > 0,0, 003 ZEWR FEEH) THO. BRSO

D EARE
> 6,0, ...00FKRIEUTZER. BEDNRDDMD/I S A—4

< N “Est d” (C
> 6,,0,,..,6x13 [KANDRRBEEEDEB] ENSIRED A fg AN Ml
B& G(H &) DIBINS A—4 & T “Estimand” ZE&EL. T )

2: Eﬁ'ﬁ'l \
OHERIEITS s > T HEDORETETHERT/I(SA—H .

> INSA—5 0,,0,, .., 0y ZFEDERD G(0;§) (CHEDHER
T (ZEFHR ; random effects) EIRET D
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> 04,0, ..,0y ZEDHEEUEY,Y,, ..., Yy OEODHHSLE
(BLOAE) =ik D

p(y;) = f p(il0)p(6;ln, T3 d6; = d(yilu, o + %)

— “ . w-l PetodISEN. RAEHERARE
S , SR EENRESILIC £ B

> IERDH-IERDMOBEHEDETHNE. COEDFRGEHEC
B ZENTE. BUDMEERDMICIADDT. RAET

: e BEEUEEEULCEEVRETIL
N et s — HJ [CKBHED “D-L” ik
DHEAIEEICTEDS — '
a7
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¢ (#, : ) Higgins and Spiegelhalter (2002) t:g?? ARGIRNRENT
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HEMERELUZETIL EEMZIRELZ “ILFLARIL” EFI)L

Outcome Y Y, Y3 Y, Y,
Outcome Y; 2\3\;1\ / I T T T T T
2ERFEDH> ) \\\ /

g1&)
6 % Estimand& 9 33 LHEODmMMNS. BLD

I \ BR2DTIRHAY, (. BRBIVR 6, ZIFDERDIDHNS
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FEfEE>")L Hierarchical model

» PE/EES)L (hierarchical model)
> YL~f(Y|91)' (" =12,..,n)
> 0;~g(0¢)
> &~h(§) BINSA—5 & (CHT DB

> RAXRETETO “BEEETIL” &lE. SEERTEENND
RILFLANILETILD (#B) I\SA—-F(CEBainmEiREL
T RAZXEFEFILEUEEFTILDS &

> BELANLOBEBEEZIFOIEETILIBADT. COLD(CHE
(INs
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B OXEDEE
> 61,05, .., Oy EIESIHE ULEDNN SEDLEEND ...

p@w)=fp3%1—m0““¢wmuﬂmm
. N (i=12,..,mj=01)
> EDREDEAIN . BRFIRN? ?
> RAXFETTESHEETILDL DS, BIRDLANILDOIER
AHETILOEUN R BVMEE, TOBEHEFRL ZENT
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Binomial-NormalZ2 D < )LFLARJLEF)L

> [ER-ERBDETILTIE of ZBIANE LTWZN #HFEEZ
Plug-ind 2L D/IMHFE. BREZEHAL TVWDZL(ITRD

» 2IEDWHNSERE. BEETILZBRIDCEETED

» X;;~Binomial(n;q, pi1)

» X;o~Binomial(n;y, pio)

) pi1(1 = pio)
> 0;~N(u,7%), (i=12,..,n) 6, =1lo {—}
' ' Sla- Pi1)Pio
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b REREH Y, = (Y, Vi) (=12,.,N)

> IBBENTE (B, 28D, RPYIHERE) ([CH
SEDETD

HZBITH X, = (xF, .. x0) 2, = (20, 20,

>
» OIVFEEEN w; = E(yvi|Xi, Z)
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—HAELERIZEENRET )L

» Generalized Linear Mixed Model (GLMM)
> flEilXi, Z,m)} = XiB+Zim;
> BENR n, NEIASNIEEET. {y; ) WEHFTESHIZIE
RBEVWDIREZE
> 0 (FRASHDHERD (—RRAYICIE. [ERRD) (CH/ED
ZEMR
> g(): R > IR
> Xt BAZ EDOBEEMRICHIGT DHEZEITT
> Z;: AN EDEENRICHIGT DIHEE1TT

Diggle et al. (2002), m#5 (2016) 25

GLMMCH T DEE

> —RMIC. GLMMDE ETI(E. BRSTEZFINICHR S EN
TERWZSH. [EHREDAENEE(CERFE SR

> OSRAS o VIBRENRETIL, RV IRENIRETILT
X, BIOAESEEICGTEITBZCENTERL !

> BUEBRBD S TS AR EICED GAMEBLEE(IC LD,
IR RBIEZEITD CEN—MRINTH D

» [ERDHZARE USRS IR ETILIEHIN T, COfED
STENTIEETH D, 1980FEMEN S, BT — S DEFRITAD
ISRICALWSNTE (Laird and Ware, 1982)
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WIZESDRETIL

> yi=XiB+Zm +eg
» 1;~MVN(0,S), ;~MVN(0, %)

> y; ODMENERDH. U OBEBMNEEFY > (identity
link) THHD. ZEMNRODMIERDM CHDIETIL

» EF. EEGAFROERKRHER CLA<KAVLSNDSXD(CkRo T
MMRM (mixed effect models for repeated measurements) (&.
COETILOFER (ZR)

Diggle et al. (2002), Mallinckrodt et al. (2001) 26
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Research Article

On fitting generalized linear mixed-effects models for binary
responses using different statistical packages

Hul Zhang &% Naiji Lu, Changyong Feng Sally W. Thurston, Yinglin Xia, Liang Zhu, Xin M. Tu
ed: 10 June 2011 | https://doi.org/10.1002/5im.4265 | Citations: 65
Read the full text > T POF N TOOLS < SHARE
Abstract

The generalized linear mixed-effects model (GLMM) is a popular paradigm to extend
models for cross-sectional data to a longitudinal setting. When applied to modeling
binary responses, different software packages and even different procedures within a
package may give quite different results. In this report, we describe the statistical
approaches that underlie these different procedures and discuss their strengths and
weaknesses when applied to fit correlated binary responses. We then illustrate these
considerations by applying these procedures implemented in some popular software
packages to simulated and real study data. Our s

results indicate a lack of

3
Sons, Ltd.
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“Table 111. Estimates of parameters, standard errors, and type | errors for the simulation model with =500 ‘
using different procedures/packages.
‘Comparison of e ross procedures/packages for the sin lion n
Software Procedure/package Typelemor fg=1 sexl0 =1 se.x10
NLMIXED 0.046 1025 075 1029 085 S a2 — o
SAS  GLIMMIX REML 0034 1004 067 1004 075 SAS, RIXET., HEFFIHITDEN
ML 003  L00S 067 1003 075 Iy a5 3t () © o
O A TEGLMDEERB) (& — i3
0098 102 067 109 075 < 7 M4 N N7 2 F N — T
N ZELIG 0094 1029 067 103 075 _9._/\_C; Eﬁ'é@\}ﬁ/g“b TSN —17; .
0.097 1022 067 1.029 0.75 = f& <, = —= ~ \
glmmML 0.040 1014 069 1013 076 t((/\jéjﬁgo)/\lz jj/a /ﬁﬂ;%h [
0.044 1016 069 L0IS 07 OS5+ W/ BREY =
SRTAVIEREGHRETIL
NLMIXED 0.049 1003 069 100 08
SAS  GLIMMIX  REML 0192 0912 066 0897 075
ML 0162 0914 067 090 07
Imed Laplace 017 1010 070 1013 0s2
05 Gau ¢ 0.118 1.003 0.70 1.001 081
ZELIG 0117 1010 0.70 1.013 0.8
R 3 0117 1.00: 0.70 1.001 0.81
glmmML 0.15: 0977 0.7¢ 0.93. 0.80 ol - I=F 473 3 =
o G o012 o%s om 098 08 REFET, CORBEMNERRTETLDN
NLMIXED 006 0992 125 0976 1.6 [F. HhDFEBA (B FBRTETVDS
SAS  GLIMMIX REML 0992 0605 088 0519 108 . =
ML 0993 0586 087 0467 101 DTLLD!)
Imed Laplace 0249 1056 129 L1l4 170
a 02% 0983 123 0912 141
R ZELIG 0.247 1.056 129 1113 170
0200 0988 123 0955 149
simmML 0416 0962 142 0767 1
0385 0953 152 075 153
Zhang et al. (2011) 29

Binomial-NormalZ D )LFLANILEFT )L

6, = log {pu(l - pio)}
' (1 = pi)pio

» X;;~Binomial(n;q,p;1)
» X;o~Binomial(n;g, p;o)

» 0;~N(u,7%), (i=12,..,1n)

> {1,712} (C. BEIDMERELLD !
» Higgins and Spiegelhalter (2002) (&. L FOEIBEHREFIDM%E
#ZZ 7= (reference Bayesian approach)
> u~N(0.0,10%)
» 7~U(0,100)
31
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quick tinks v JREESSEY

MRC Biostatistics Unit &
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Unit

Manual (PDF)

Manual (HTML)
https: //www.mrc-bsu.cam.ac.uk/software/bugs/openbugs/

MCMCODTZsbDFRRIRY T R T 77, WinBUGSDBEF « H7R— h & 32
BTULTHD, OpenBUGSICBITL TS,




R20perfS: Rurning OperBUS from R

9raph, and save the simulations in arrays for casy access n R.

Version 32321
Depends: R(22130)
Imports: coda (2 0.11-0), boat
Published: 20200002

Author

table and

by Sbylle

Sturtz and Uwe Ligges. With consderable contributions by Gregor Gorjanc and Jouni
Kerman. Adapted to R20penBUGS from R2WInBUGS by Neal Thomas

Maintainer: Neal Thomas <snthomaso9 at gmailcom>

Vignettes:

Package source:

Please use the canonical form ;.

v o ik t this page.

https://cran.r-project.org/web/packages/R20penBUGS/

RHS. OpenBUGSZEIRIEYS BIzsbD/\w o —=,
Andrew Gelman5h'Bi% U/ZR2WinBUGSZ
OpenBUGSACERZE LIZBD,

OpenBUGS(E. FTRIC/N\Y OIS RTEMHNT
ZENTE, BUGSHETILIO—RE, INRTRE
TEEIDENTES.

LAFIDR2ZWInBUGS(CLENRD & HVRDERT. 8
EBAL—X([CRD> TS,

2L, XKBHET—52IRSBEF. HRDEHE
ORBOOIND. ARURT —HOfFHT(E, StandD
[E3sr=IAN
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codadDW—)LZ&EDS Z & (CKD T R20penBUGSDE NS,
MCMCDURBREZHITR EDDIFZEITD LN TEET, 35

ma0l <~ function() {

N (

dbin(pelil, nelil);

dbin(emlil, nmlil) ;
):

+ deltalil;
ision)

5
32.69);
)i

OR <= exp(mu);

less0 <- min(delta.new, 0)

ProbO <- 1 - equals(lesso, 0)
less10 <- min(delta.new, - )
problo <- I - equals(lessio, - )i

OpenBUGS(C & BMCMC

# Reference prior for mu
t sceptical prior for mu

# Calculate probabilities

[mainits <- funct
Listma =

)

macut.01 <~ bugs (datammadatald,
initsmainits,
parameters. to. save=c ("C
mode. a0,

Higgins and Spiegelhalter (2002) (CAREN
TL\BBUGSJ— R%ZR20penBUGS TEIN I 1=
HOB[HITOIS L%, UTFOURLTARML
TWEY,
http://www.ism.ac.jp/~noma/ex_BUGS.r
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> rmaout.0l$summary
mean
OR 0.3665278
mu -1.0392638
tau 0.6085564
delta.new -1.0467332
probo 0.9471000
probl0 0.9301000
deviance 117.2297795

sd 2.5%
0.09589621 0.1965950
0.27225207 -1.6270000
0.26880441 0.2130975
0.71800536 -2.5920000
0.22383944 0.0000000
0.25498479 0.0000000
€

.56044651 106.2000000 112.600000 116.6000 121.300000 13

R20penBUGS(C KDHMCMC

25% 50% 75% 97.5%
0.299700 0.3612 0.427000 0.5666025
-1.205000 -1.0180 -0.850975 -0.5680000
0.421075 0.5669 0.751500 1.2460000
-1.437000 -1.0080 -0.624600 0.3320025
1.000000 1.0000 1.000000 1.0000000
1.000000 1.0000 1.000000 1.0000000
1.8000000

EDLSREMIBBEET ILEFE D TIHEEE. N1 XBTE. MCMCEED T
MBI (CARMIZITS LN TE B, Flat PriorefEX (L. SEEMR(C LD NMEIR
BUEHRAZETS 2 EETED. E53A. BBRQREFIBERZHEHAALN
AXROFFETOZEETES,

36
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» We base a sceptical a priori position on Pogue and Yusuf: “ Most clinically important
Fixed effect, flat prior 14 vrials ————

interventions are likely to reduce the relative risk of major outcomes, such as pls 15154 + e —— e e
myocardial infarction, stroke, or death, by about 10-20%”. We might then consider Fined ffect,sceptcal prior 14 wials —.— Efi Eﬁ”ﬁ*ﬁiﬁﬁblﬁ“ﬁ“'@
P S . plas 15754 + RT3, SERERBYRERITDN S
that a reasonable degree of scepticism is to think it unlikely (only 5% chance) that —# 0. 95%C 5 =
i i : Random effects, flat prior Htrials e — iy —— Iy N CrifFzZE < END
magnesium would reduce the odds of mortality by more than 25%. In section (2) of pusISISd ————— #EE(C )
Appendix we show how this can be translated into a normal prior distribution for the Random ffects, scepial prior 4 rials ——.—
common log (odds ratio), centered on 0 and with a variance or 0.03, and that this Pl T
recision is equivalent to a “trial” with 72 deaths in each group. : . !
P q group T o ISI5-4(C £ BBENRTET > 24
s g A s _ oy S . - - Figure 3 The impact of adding ISIS-4 to different meta-analyses of th HBLRICE, REMEREL IS
> BRIOERENGERREBL(C. YTRSILNECEDA Y XE25HEM S SHEE5% 14 smalle studies (including LIIT 2). 95% posterior credible intervals ENSHBERMESNTNG
EBTE. CNICHIET BN 0 DIEMRDfIE. 9B 0.03 DDMICRBTEIC. INE f(;; the mlor(al:'ity o(l(:fs ratio aslsoc.iale(:l l’vlvillilﬂlr@gn?sium, for‘ both ;ix;d
BRIDMCHEI D EIC. INUE T—HIC|MEITDE, B EIC26IDFETHNE remsonmbly scoptioal prior (35¢ chance of at lenst & 25% codution tn
: —3 téﬁﬁﬁa%{ﬁ@,l.%*&%}%—:%ﬁﬁﬁﬁt@ao ::;i?;:y)(l)j;i})) ical prior chance ol at least a reduction in
Higgins and Spiegelhalter (2002) 37 Higgins and Spiegelhalter (2002) 38

ZHAAJEEME  Exchangeability IRl EeE & (& ?
> [EERTIXETIL > HACTHESE © XK EDEREZ..
> Yi~f(16y), (i=12,..,1n) F—HDIE > (64,0, ...,0,) DERZEBDIEFICHUEZEELTE.
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Gibbs Sampling

o 100 2000 3000 400 5000 o 1000 2000 3000 400 5000
iteration iteration

(a)The fixed effess (treatment eflecty. (%) The baseline hazarc: A,

(6) The variance of random effects: 8,

Figure 2. The traces of the sampled values from three independent runs of the Gibbs sampling applied to model (1)
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Table I1. Posterior summaries for the model parameters (Normal distribution)

Matsuyama et al. (1998)

Standard
Parameter Mean Median deviation S percentile 95 percentile VR
Treatment — 0472 —0471 0295 — 0951 0011 100
PTNMI — 1849  — 1847 0630 — 2890 — 0830 100
pTNM2 — 0298 — 0303 0334 — 0831 0270 100
pTNM3 1657 1-644 0-300 1-186 2173 100
pTNM4 2439 2433 0473 1:664 3219 1-00
gtrestment 0652 0624 0197 0386 1011 100
ior 0035 0033 0014 0016 0062 100
J02 0137 0131 0043 0075 0214 100
oy 0064 0061 0026 0030 o111 100
os 0070 0066 0029 0033 0124 100
Jos 0079 0074 0032 0036 0139 100
‘06 0050 0044 0028 0015 0105 100
0t 0340 0-280 0 0057 0826 101
0,2 —0010  —0001 0094 — 0161 0109 100
0,; 0100 0050 0141 0001 0368 100

* 0, denotes the (k1) element of the covariance matrix for the random effects

cf.) KEss CERI U 7z/ERICoxElJRMHR: 0.55 (90%Cl: 0.35-0.86)
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Figure 4. Posterior distribution of the treatment effects in each institution
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Figure 3. Posterior distribution of the baseline hazard in each institution
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Bayesian Analysis

Abstract
sig Data and Differential rivacy: Analysis
Subset analysis is the examination of treatment comparisons within groups of patients Shratasies for Rallwey Track Enginesing (1)

with restricted levels of patient characteristics. Such analyses are vulnerable to

multiplicity effects. We examine the problem in the context of  proportional hazards Bayesian Reliability Analysis
model with terms for treatment, each of several dichotomous covariates representing e

the patient of interest, and b interaction effects.

Parametrically, a subset-specific treatment effectis equal to the treatment effect term /et settanc etrancs Sl
plus a linear combination of the interaction terms. We present Bayesian point and

interval estimates under the assumption that the interaction terms are exchangeable

and the prior distributions for the other regression parameters are locally uniform. This Bayesian Relability Analysis

produces a shrinking of the estimated interaction effects towards zero, thereby T

discounting them and dealing in a natural way with multiplicity. We ilustrate the method
using results of a recent North Central Cancer Treatment Group/Mayo Clinic study in
advanced colorectal cancer.

Encyclopedia of Statistics in Quality and
Reliability, (1]

https://onlinelibrary.wiley.com/doi/abs/10.1002/5im.4780110104
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Figure 3. Subset-specific treatment effect estimates and 95 per cent confidence limils using regression results. (+) Point
estimate ( + ) 95 per cent confidence limit
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A(t]z, x) = A(t)exp (zr + Z x; (B + zyi))
=1
p(®) x Lp(B) x 1
p(¥:) < N(0,¢%)
p(&%) = [max(¢?%,0.005)]*

» z: treatment indicator, x;: covariate Dixon and Simon (1992)
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Eg;\r“ A= E* * 2 j~ 2
Table I11. Point and interval estimates of standardized treatment effects F D AO) ﬁ* I&z%ﬁ (1]1] EI nj O) /
Regression estimates Bayesian estimates
Category Point Interval Point Interval GuomNCE DocumENT
Performance status Guidance for the Use of Bayesian Statistics in
0-1 036 [ —007,078) 031 [-009,072] Medical Device Clinical Trials
2-3 =027 [-131,077] —-007 [-098,070] Fesmunsy 2010
Anaplasia grade =
1-2 007 [ —037,050] 012 [ —030,053] fom v i w8
3-4 092 010, 1-74] 066 [ —004, 144]
Measurable disease S essdby: O he Cmesoes Ot ofCnic Py 0 P
No 078 [021, 135] 062 [007, 119] Documentssd o: Fbrusry 5, 010
Yes —016 [—068,037] —005 [—056,044] e T drattofthisdocument was sucd on 523/2006
Symptomatic R ! o
No 070 (008, 133) 057 [ 001, 18] == T e et
Yes - 008 [—057,040] —001 [ —048,045] - [rTSe——
Age r o bt
<70 years 052 [0:09, 095] 042 [000,085] o Pt
> 70 years —070 [ - 161,020] -038 [—123039] o s
Sex ER
Male 016 [ - 033,065] 017 [ -029,062] Contains Nonbinding Recommendations
Female 041 [ —022,104] 035 [—021,094] ’ preface
. : https://www.fda.gov/regulatory-information/search-fda-guidance-
Dixon and Simon (1992) 53 documents/guidance-use-bayesian-statistics-medical-device-clinical-trials 54
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Prior distribution

The bias terms are assumed to follow a normal distribution with mean 0 and standard deviation 7, and 7,.
8}/ ~Normal(0,7,) and 84 ~Normal(0,t,)
8§ ~Normal(0,7;) and 55 ~Normal(0, ;)

As with primary endpoint analysis, a value of 0.3 will be assumed for both 7; and 7,. Non-informative prior
distributions are assumed for TLF rates in the BIOFLOW-V study

Y%~gamma(0.1,0.1) and A% ~gamma(0.1,0.1)

The non-inferiority condition will be expressed in terms of 1-year TLF rates in the BIOFLOW-V study as with the
primary hypothesis

P(Hy|Data) = P(n§ — n§ > —8|Data) > n*
where the 12-month TLF rates will be calculated as

7} =1—exp(—2%) and 1§ = 1 — exp(—A5)

BIOFLOW II, IVERERDEALNILDFT—H%. BAIDMICENET(C [HETD]
EWSEITIRDT, EE5NEVNDE BAT—FAITFUT ISR,

https://classic.clinicaltrials.gov/ProvidedDocs/46/NCT02389946 /SAP_001.pdf 59

Model

For ease of presentation we assume that no censoring occurs. The below model will accommodate censoring.
For a subject i in the BIOFLOW-V study, if ¥} is the time to event, let

Y ial(2%) and Yy, ial(2%)

be the distributions of the time (years) to event in the Xience and Orsiro groups, respectively. The values A% and 1%
are the hazards in the Xience and Orsiro groups.

Evidence from BIOFLOW-IV study: It is first discounted using the discount factor a’V. The discounted data are then
assumed to follow exponential distributions with hazard rates 2} and % in the Xience and Orsiro groups,
respectively. For a subject i in the BIOFLOW-IV study, if Y,{‘f is the time to event, let

v ial(AY) and Y24 ial(24)
A bias term is assumed to link the TLF hazard rates in BIOFLOW-V and BIOFLOW-IV in each treatment group
o log(A%) = log(A) + 6} and log(A%) = log(AY) + 6
Evidence from BIOFLOW- Il study: It is first discounted using the discount factor a'/. The discounted data are then

assumed to follow Exponential distributions with hazard rates 24/ and A% in the Xience and Orsiro groups,
respectively,

¥ il and Y3 ial)
A bias term is assumed to link the TLF rates in BIOFLOW-Il and BIOFLOW-V in each treatment group.

log(2%) = log(2¥}) + 8{/and log(2}) = log(A) + 64

https://classic.clinicaltrials.gov/ProvidedDocs/46/NCT02389946/SAP_001.pdf
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Primary endpoint at 12 months (Bayesian ITT population)

Orsiro Xience 10 4
n=1466 n=742
TLF, posterior mean 63108 89112 s -
5E
Estimated effect size at 12 months £%
s3 ¢ 6.3%
3 .3%
E o
0 ~ a
-2.6% TLF =
: se b
(=]
S
3
2 ,
o

Orsiro Xience

http://biotronik.cdn.mediamid.com/cdn_bio_doc/bi026904/26419/bio26904.pdf
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Bayesian posterior probability on TLF at 12 months

= Non-inferiority

Orsiro performs non-inferior to Xience. 100%

r T T T T 1
0 20 40 60 80 100
(%)

Interpretation

There is 100% confidence that the difference in TLF at 12 months is smaller than 3.85% [pre-defined
non-inferiority margin) demonstrating unequivocal non-inferiority. The estimated treatment effect of
Orsiro is a reduction of TLF by absolute 2.6%

http://biotronik.cdn.mediamid.com/cdn_bio_doc/bi026904/26419/bio26904.pdf 6 1
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R example code

1+ BAFEAYFSR 2023FEFEAYEIF-

2 4 TBEBAAXETIVEEDEHA

3 # B AR (WEHBIESER)

4 # 2023%12R14H

5

6 # R example code for performing Bayesian analyses of the meta-analysis examples in

Higgins and Spiegelhalter (Int J Epidelol. 31(1):96-104).

7

8 #H#

9
10 install.packages ("R20penBUGS") # Installation command
11 install.packages("coda")
12
13 #H#
14
15 library ("R20penBUGS")
16

17 # HoHUH. LTFOR—=Ihb, OpenBUGSEAVAM—ILLTHELENHNET

18 # OpenBUGSIE. T7#4INT. NI FI0Y RiIREIERNET DT, IATOEEER L TEMETHENTEET,
19 # https://www.mrc-bsu.cam.ac.uk/software/bugs/openbugs/
20

21

22 #H#

23

24 ## TAEYM (1)1 BMIDATPFUDAILEITESHERDT AV

25

26 rc <- ¢(2,23,7,1,8,9,3,118)

27 rm <- ¢(1,9,2,1,10,1,1,90)

28 nc <- c¢(36,135,200,46,148,56,23,1157)

29 nm <- c(40,135,200,48,150,59,25,1159)

30 N <- 8

31

32 madata8 <- list(rc=rc, rm=rm,nc=nc, nm=nm, N=N)
33

34 #H#

35

36 ## TREYM(2): 1sIs-4 ERRKL4EEBROT-ATEYE

37

38 rc <- ¢(2,23,7,1,8,9,3,118,1,11,7,13,8,17)

39 rm <- ¢(1,9,2,1,10,1,1,90,0,6,1,5,4,4)

40 nc <- c(36,135,200,46,148,56,23,1157,21,75,27,33,122,108)

41 nm <- c(40,135,200,48,150,59,25,1159,22,76,27,23,130,107)

42 N <- 14

43

44 madatald4d <- list(rc=rc,rm=rm,nc=nc, nm=nm, N=N)

45

46 #H#

477

48  ## TREYM(3): 1IsIs-4 EETISHEBROT-IEYH

49

50 rc <- ¢(2,23,7,1,8,9,3,118,1,11,7,13,8,17,2103)

51 rm <- ¢(1,9,2,1,10,1,1,90,0,6,1,5,4,4,2216)

52 nc <- c(36,135,200,46,148,56,23,1157,21,75,27,33,122,108,29039)
53 nm <- c(40,135,200,48,150,59,25,1159,22,76,27,23,130,107,29011)
54 N <- 15

55

56 madatalb <- list(rc=rc, rm=rm,nc=nc, nm=nm, N=N)
57

58 #H#

59

60  ## BUGSOETIIA—R(RLET. BAHEEELT. R20penBUGS CZNFHEMATIENTEEY)
61
62  ## (a) Random-effects model; reference priorlCLdfEHT

63
64 rma0l <- function() {
65
66 for (i in 1:N) {

67 rc[i] ~ dbin(pc[i],nc[i]):
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68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135

rm[i] ~ dbin(pm[i],nm[i]);
phi[i] <- logit(pclil);
logit(pm[i]) <- phi[i] + deltalil;
delta[i] ~ dnorm(mu, precision);
pcl[i] ~ dunif(0,1);

}

delta.new ~ dnorm(mu, precision);

mu ~ dnorm(0, 0.0001);
tau ~ dunif (0, 100);

precision <- 1/ (tau*tau);
tau.sq <- 1/precision;

OR <- exp (mu) ;

lessO0 <= min(delta.new, 0);

prob0 <- 1 - equals(lessO, 0);

lessl0 <- min(delta.new, =-0.1054);
probl0 <- 1 - equals(lessl0, =-0.1054);

+

Random effects
Prior for pc

Predicted effect

Reference prior for mu

Calculate probabilities

#4# (b) Random-effects model; sceptical priorlCLdfEMT

rma02 <- function() {

for (i in 1:N) {
rc[i] ~ dbin(pcl[il,nc[i]);
rm[i] ~ dbin(pm[i],nm[i]);
phi[i] <- logit(pc[il);
logit(pm[i]) <- phi[i] + deltalil:
deltal[i] ~ dnorm(mu, precision);
pcl[i] ~ dunif(0,1);

}

delta.new ~ dnorm(mu, precision);

mu ~ dnorm(0, 32.69);
tau ~ dunif (0, 100);

precision <- 1/(tau*tau);
tau.sq <- 1/precision;

OR <- exp (mu) ;
lessO0 <= min(delta.new, 0);
prob0 <- 1 - equals(lessO, 0);

lessl0 <- min(delta.new, -0.1054);
probl0 <- 1 - equals(lessl0, =-0.1054);

#HH
4 FEAEDERE
mainits <- function() {

list(mu = 0, tau = 1)

}

Random effects
Prior for pc

Predicted effect

Sceptical prior for mu

Calculate probabilities

#4# OpenBUGSICLBMCMC: (1) Reference priorlcddf#f: 14 trials

rmaout.0l <- bugs(data=madatald,
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136 inits=mainits,

137 parameters.to.save=c ("OR", "mu", "tau","delta.new", "prob0", "probl0"),
138 model.file=rmall,

139 n.chains=1,

140 n.iter=22000,

141 n.burnin=2000)

142

143

144 ## OpenBUGSICLBMCMC: (2) Reference priorlcddf#r: 14 trials + ISIS-4
145
146 rmaout.02 <- bugs(data=madatal),

147 inits=mainits,

148 parameters.to.save=c ("OR", "mu", "tau","delta.new", "prob0", "probl0"),
149 model.file=rmall,

150 n.chains=1,

151 n.iter=22000,

152 n.burnin=2000)

153

154

155 #4# OpenBUGSICLBMCMC: (3) Sceptical priorlcddf#fr: 14 trials
156
157 rmaout.03 <- bugs(data=madatald,

158 inits=mainits,

159 parameters.to.save=c ("OR", "mu", "tau","delta.new", "prob0", "probl0"),
160 model.file=rmal2,

161 n.chains=1,

162 n.iter=22000,

163 n.burnin=2000)

164

165

166  ## OpenBUGSICEPMCMC: (4) Sceptical prior(ckdfE#i: 14 trials + ISIS-4
167
168 rmaout.04 <- bugs(data=madatal),

169 inits=mainits,

170 parameters.to.save=c ("OR", "mu", "tau","delta.new", "prob0", "probl0"),
171 model.file=rmal2,

172 n.chains=1,

173 n.iter=22000,

174 n.burnin=2000)

175

176

177

178  ## FWROYI)-OH S

179

180 rmaout.01$summary

181 rmaout.02$summary

182 rmaout.03$summary

183 rmaout.04$summary

184

185

186

187 #H#

188

189 #4# coda package®V—IUCLBINREZETRE
190

191 library("coda")

192

193 crmaout.03 <- bugs(data=madatald4,
194 inits=mainits,

195 parameters.to.save=c ("mu","tau","delta.new"),
196 model.file=rmal2,

197 n.chains=5,

198 n.iter=5000,

199 n.burnin=2000,

200 codaPkg=TRUE) # "codaPkg=TRUE"

D5 EEANTHE. codatMEENTEZFT IV M HENET,
201
202 ermaout.03 <- read.bugs(crmaout.03)



R example code

203

204 summary (ermaout.03)

205 HPDinterval (ermaout.03) t REEREEXME
206

207  batchSE(ermaout.03) ¥ NWoFRERE

208 autocorr.diag(ermaout.03) + BECHEBEGRBICLSEZY
209

210 plot (ermaout.03) # Trace plot and density estimation
211

212 gelman.diag(ermaout.03) # Gelman-RubiniZ#t
213 gelman.plot (ermaout.03)

214

215  geweke.diag(ermaout.03) # GewekeDINFHEZH
216 geweke.plot (ermaout.03)

217

218
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