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EE
O m==
> RFERTIFORYRT—OAZT7F1) I X (NMA) [E, BERT—4
(Aggregated data)Z AL Nf=AR A XHRNMAZ FIDHICERYE-THEY,
HERE L NJLDT—4 (Individual Participant/Patient Data : IPD) % JF
LY/=NMA(IPD-NMA) X EEFE S EZ>THYET .
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| NMAZEIEY 3Y IO
O mu=
> MCMCEHY T~
mEHICETYVT AIHEE
O X E TBUGSO—FAARAIN TLWSIEEMNZ LY
B ADHEREITY INMILERTETILEERLOT LY
BT—3N\R) T ORTRDE=DIZHEHAEHOE TESIEBEMNZLY
> NADETEEITY Ik
BLABREICKYBENTETILEERT S
B NMAROMEE/ TRAUZALS
ONMAR O X TREERE
O#AAFEFNTULANMAET LD A F| Bl §E
> NMAER®DY Tk
B GUIxtIE, EITREERE
B AR FENTULANMAET LD A FI A AT RE
B E[EDOFEMIIMCMCERYIFEFIRAT 25851/ Z1LY



I MCMCEAY Ik
O sz
» WinBUGS; Bayesian inference Using Gibbs Sampling

B 7J)La7ESHTETHJ)LA (Markov chain Monte Carlo; MCMC) ;%I kA8 HTE1TOY
pA k4

Ohttps://www.mrc—bsu.cam.ac.uk/software/bugs/the—bugs—project—winbugs/
0% BFRHEEIXHE EEMFHHEZE SR DSAIE. WinBUGS DLV 2014
B v143THFERT Winl0TEHLEILVTIEWLSEIIZHZDZED D)
OWindows10TIE A Ab—5—fR(exe 77 A L) Tl lzipZ7A/ILIRZ{EHZE !
B NICE DSU TSDZ(NMAD £ E 4441
OFERDMARRLOVRATITAVILE A—IZO—FBNDNTWVSIEED
B RXEYVI,UT7(BUGSEEE): OpenBUGS, JAGS

» Stan
N NUTS(No:U—turn sampler) 7 JLO) X LIZE DW=\ JL=T7 > -FVTAHILOZE
(HMC)D £ A

B WinBUGSIZLERTTF /AT LT LY



A DOHEEITY 7R RHENMAD -8 D EE

@ mu==iE

> R
m ;AL FAMCMC/ 4 r—< : MCMCpack
B MCMCIZ4# 88V 7MFIFR: StanldRstan,
WinBUGS(JAGS, OpenBUGS)IZR2WinBUGS(rjags/R2jags/runjags, BRugs)
B NMAR/\Yv I —
Onetmeta: Network Meta—Analysis using Frequentist Methods

OPcnetmeta: Performs arm—based network meta—analysis for datasets with binary,
continuous, and count outcomes using the Bayesian methods

Ogemtc: Network meta—analyses (mixed treatment comparisons) in the Bayesian
framework using JAGS.

OnmalNLA: Network Meta—Analysis using Integrated Nested Laplace
Approximations

COBUGShet: an R package to facilitate the conduct and reporting of Bayesian
network Meta—analyses



I A DOHEEITY 7R RHENMAD -8 D EE

» SAS
m J.AAMCMC : MCMC procedure
OSAS/STAT 141 MBI B2 TR ITHMC, NUTSAVEN
O5V 88V 7+ F A el EE.
v WinBUGSF| A L B4 ZE1F DWinBUGS DELVA TIR#EESN TULVS
B — &L #Rf2;E & ET )L (glimmix procedure) (Madden, L. V., 2016)
» Stata
B NMAF#EEE : mvmeta (Frequentist Methods)
Ohttp://www.mrc—bsu.cam.ac.uk/software/stata—software
» Python
m ;N FAMCMC : PyMC, PyStan (Stan#|FH), PyJAGS (JAGS#]FH)

@ mu==iE



| BEosAs1—¥—@aToONVABER R

Ve AL LLERRER D #S. SAS1—H—§£2014

> tEWGS, B

@ mu==iE

> 183 1T, 2R &, RIF TR RVNT—IAZTF IR XKL

EsGIcHI3<7TO0—F ~. SAS1—H—§#42016

> B & ETH

7'555 E/E Ej( /E% =, 7:*1'

[Z.NICE TSD

HE 5. SAS TONetwork Meta—AnalysisD ZE {5l ~ 58

Evidence Synthesis/!) —X DB : RYRT—D A3 FF1) L X% E

ELT.SAS

—H—#%2019

()



I NMAER®DYIk+: GeMTC- ADDIS

—_—nm O xR
NMA;??V? FJSJ:UR/ Q“J’T—:) Fy % /% .
> RI\wr—o (REFL) Rt

m NICE TSD, ISPORLR—h TR Et S 1=ET L% FIHE (BUGSFI ) |
Ohttp://www.bristol.ac.uk/population—health— _
sciences/centres/cresyda/mpes/mtc/

CONICE TSD EEHSLDNMADATHEB NI TLNS

B V0.7Hh (X
OJAGS D& xfix(RIGASFIF). WinBUGS &O0penBUGSIEIEXT fits :
Oresidual deviance statisticsiBN&&EHIZDICE H A EIENICE TSDIRAEE

> GUI iz ( FRHELL)

B IERN\Y—D ML=V IO T7

B https://drugis.org/software/addis1/gemtc
> BFEILADDIS 21T

B web L TEHRT S
B https://drugis.org/software/addis2/index
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I NMAEAH®DY Ik TIDI
@ iz
> BERMDRIIIINMAZEARAATEHEE Y I (Bukiewicz, S., 2011)
B Transparent Interactive Decision Interrogator
» NICE TSD6THBITESNTLVS

> Excel R—X TR, WinBUGSZ 1S 5 BNMERERETE Y
B Windows10%Poffice 3651=— &P X fits?

> Sylwia Bujkiewicz Intro to TIDI(University of LEICESTER)

https://www2.le.ac.uk/departments/health—
sciences/research/biostats/staff—pages/sb309

11



I NMAE MDY Tk :NetMetaXL
O =R
> ExcelN—X(VBA)DGUITCHE([ZHE S
B WinBUGSH|F (WinBUGS A4 TR loglTH HdhB)
B http://www.NetMetaXL.com

> CADTHA 1% H
B Canadian Agency for Drugs and Technologies in Health

HF5F OHTABE R B i 5 4 55 RS
B NICE TSD, ISPORLR—FTCHE SN =TT ILZFIH
> & i A REZL I 3K : evidence network diagrams, forest plots, league tables of
pairwise comparisons, probability plots (rankograms), and inconsistency plots
» Limitation:v1-6—1
B fZHrT—42t vk :15 treatment options and 50 studies
B Outcome: 2{E

» How to...YouTube Video on the CADTH
channel: https://www.youtube.com/user/CADTHACMTS

12



I YVIMIITDBER
O sz
> FERICE R E<E ST e
B $¥F["Microsoft office ! mEEHEL TUL\SIGEITIEE
BA—TY)—RYITr 7 DFIABLRETA
OR, OpenBUGS, JAGS, stan

> BRMRSHTICALSZEIZBIL TNICE TSD6IZ(E: -
B EEMNBRESTELTELTHLALIAL—aVR—AD T TA—FEH#E
OMCMCTIE, EESMMAEBEERREDHIMIZEZEALGNS
BIETURBATIIERDNSA—2EHTEL, TDIFEAEDIZETING
A—REIZHEENRGH D=8, INSA—EADER LT EEEDIEENREETIL
IZIEBT ALY INITTERANSGRE
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I VI LT DEE MK

O ms=p
> NICE TSDs
URL: http://nicedsu.org.uk/technical—support—documents/technical-support—documents/
B NICE TSDs 1~7MIETURADHE, WinBUGSIZEBHINEF
Dias S, Ades AE, Welton NJ, et. al. (2018) Network Meta—Analysis for Decision—Making. Wiley.

Madden, L. V., Piepho, H. P., & Paul, P. A. (2016). Statistical models and methods for network
meta—analysis. Phytopathology, 106(8), 792-806.

van Valkenhoef, G., Lu, G., de Brock, B., Hillege, H., Ades, A. E., & Welton, N. J. (2012). Automating
network meta-analysis. Research synthesis methods, X4), 285-299.

R gemtc/ N4 —< URL: http://cran.r—project.org/web/packages/gemtc/

Bujkiewicz, S., Jones, H., Lai, M., Cooper, N., Hawkins, N., Abrams, K., Spiegelhalter, D., Sutton, A.
(2011). Introduction to Transparent Interactive Decision Interrogator (TIDI)..

Brown, S., Hutton, B., Clifford, T., Coyle, D., Grima, D., Wells, G., & Cameron, C. (2014). A

Microsoft—Excel-based tool for running and critically appraising network meta—analyses—an
overview and application of NetMetaXL. Systematic reviews, X1), 110.

VI T7REHR S DI
> Neupane, B., Richer, D., Bonner, A. J., Kibret, T., & Beyene, J. (2014). Network meta—analysis using
R: a review of currently available automated packages. P/oS one, £12), e115065.

> Xu C., NiuY., Wu J., Gu H., Zhang C. (2018). Software and package applicating for network meta-—
analysis: A usage—based comparative study. J Evid Based Med. Aug;11(3):176—183.

vV VYV YV VYV
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2. R XHBRNMADTEANL—S 7Y

O mzER
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I FEOPCIEIE

» PC Spec
B CPU: i3-8130U @ 2.20GHz
B RAM: 8GB

> System HAGEIRIR
B Windows 10 Enterprise (x64)
B R x64 v3.5.3, RStudio Version 1.2.1335
OXv3.6xLARFIFXELEDERRERIZELY, FEERENEDHLLHAEEMEHY.
OR/ w45 —gemtc 0.8-2
vV NMAET )L —fRIEERFZET LD A
v'NICE TSDTHREI SN T=ET LA S EHHARAFEN TS (2 TTIEALY)
B JAGS v4.3.0, WinBUGS v1.4.3

@ mu==iE
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I GeMTC RN\VT— U DEBER
@ m=E
> GeMTC —»JAGSN B9 seedlI TRHNNHE
B ROELE —F set.seed(XXXX e.g. 4989)II#IEAfE D B ENER E
BEROBREDOEOICIFIAGSHDI—KRZEMTIDHELNHS
EE &Y

(The seeds for the JAGS RNGs and the R RNG are independent, so both need to )
be set:

OUse set.seed() prior to running mtc.model() to control the generation of
random initial values.

\_ OSet .RNG.name and .RNG.seed in model$inits to control the JAGS RNGs. j

B Seed|Sk b T RFRGFERELGDHIENEFLLY.

17



IN—F ) FRDMEBNEE  F—/\SY
GAEEE2~5) DNMA

> NMAD B &

BNV RTOMEEELTR—/\S
[+3, Off-timeBFfE (EFIDTIR M EE

> REBRT—4

g Pl § N

B 5

O mu=

VT7IAZARRCERFE2~S) NS E-BEICH

BOLNGEVERM) ORADZFMET S

B 7DODNEREKAERICDOULNT, ZABEDHIF, Off-time (FEFRIDZIEMNZHSNEURER) DiE D

DEY), ZORFERENEZALN TS

CIE T E T

-1.22

3 -1.53 4 28 -0.31
1 172 -0.7 3.7

2 173 -24 3.4 -1.7
1 76 -03 4.4

2 71 —-2.6 4.3 -2.3
4 81 -1.2 4.3 -0.9
3 128 -0.24 3

4 72 -0.59 3 -0.35
3 80 -0.73 3

4 46 -0.18 3 0.55
4 137 -2.2 2.31

5 131 -2.5 218 -0.3
4 154 -1.8 2.48

5 143 2.1 2.99 -0.3

Treatment 4

Treatment2 // ﬁ\ .
-

Treatment5

Placebo

(Treatment 1) 1

Treatment 3

B. N—F VI BRORINT—IF
Feum (LB, (treatment1 ~5) , EiELR
[FEREBRAN TEELEINIZABEDONRT.
R EDEIEIFEAERE.

[ #1:NICE DSU TSD2]
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I =XV RDFHMBEDF VT —IR, EEMRETILRT

Tibrary(gemtc)
Sys.setlocale(locale="C")
data<-read.csv("parkinson.txt")
nhetwork <- mtc.network(data)
summary (network)

plot(network)

n.chain<-3
set.seed(1234)

for (i in 1l:n.chain) {
model1$inits[[i]]$.RNG.name =
mode1$inits[[i]]$.RNG.seed =
print(model$inits[i])

O mu=

KE%&% (E\r—DDIREIZHS L. FMEhelpSHRE
parkinson.txt |

77 "study”,“treatment”,"mean”,”std.dev”,”sampleSize”
17717 "A” -1.22,3.7.54

“2” 717 "C" -1.53,4.28,95

o

~

model <- mtc.model (network, TinearModel="random",n.chain = n.chain)

©

"base: :Mersenne-Twister"
123 + 1

++++VVVVVVYVYVVYV

}
| JAGSNE T seedZiEET H=HDEMI—FHI ] &

HEENRETILOEST
> #REMRETILORT

> result.re <- mtc.run(model, n.adapt=50000, n.iter=100000,thin=1)



| zengz7rione

O mzER
> summary(result.re)
Results on the Mean Difference scale 2. Quantiles for each wvariable:
It'IIEF'aF'iDrISI = 50001150000 7. 5% 2 5% 50% 75% 97, 5%
Thinning interval = 1 d.D.A -0.66538 0.1577 0.52760 0.9075 1.7466
Number of chains = 3 d 2.67483 -1.7242 -1.30858 -0.8935 0.0126
sample size per chain = 1le+05 DB -e. il T T .
d.D.C -0.88287 -0.2483 0.02464 0.3022 0.9327
1. Empirical mean and standard deviation for each wvariable, d.D.E -1.14675 -0.5102 —D.ELED#Q -0.0922 0.548:
olus standard error of the mean: sd.d 0.01211 0.1236 0.27078 0.5073 1.3959
Mean D Naive SE Time-series SE -- Model fit (residual deviance):
d.D.A 0.53270 0.6151 0.0011230 . 005276
d.0.B -1.31362 0.6855% 0.0012515 0. 005551 Dbar pD OIC
d.D.C 0.02582 0.4654 0.0008496 0. 003173 12.62607 12.43443 26, 06050
d.D.E -0.30060 0.4230 0.0007724 0.001544
sd.d 0.37538 0.3598 0.0006570 0.004272 15 data points, ratio 0.9084, IA2 = 0%

20



I pairwise comparisons

O mzER
>(tbl=relative.effect.table(result.re))

Mean Difference (93% CrI)

A -1.84 (-2.861, -0.8957) -0.5025 (-1.743, 0.7096) -0.5276 (-1.747, 0.666) -0.8273 (-2.303, 0.6186)

1.84 (0.8957, 2.861) B 1.338 (-0.08151, 2.784) 1.309 (-0.0126, 2.675) 1.009 (-0.5513, 2.614)

0.5025 (-0.7096, 1.743) -1.3238 (-2.784, 0.08151) C -0.02464 (-0.9327, 0.8829) -0.3268 (-1.555, 0.9093)

0.5276 (-0.666, 1.747) -1.309 (-2.675, 0.0126) 0.02464 (-0.8829, 0.9327) D -0.3005 (-1.147, 0.5482)
0.8273 (-0.6186, 2.303) -1.009 (-2.614, 0.5513) 0.3268 (-0.9093, 1.555) 0.3005 (-0.5482, 1.147) E

#A(TZER)ZXRBELE-BBEDTIHLANTOYE

> forest(tbl, “A”) Mean Difference (95% Crl)
B o 1.8(:2.9.-0.90)
C o 0.50 (1.7, 0.71)
D o 0.53 (1.7, 0.67)
E o -0.83(2.3,062)
3 0 08
Compared with A

21



I deviance plot, leverage plot

> deviance<-mtc.deviance(result.re)

> pdf("deviancepot.parkinson_re.pdf")
> plot(deviance)

> dev.off()

#MCMCEZE IOV (RSAE DB IEZEE)

\Y

pdf("result.parkinson_re.pdf")
plot(result.re)
dev.off()

vV V

pdf("autocorr.plot.parkinson_re.pdf")
autocorr.plot(result.re$samples)
crosscorr(result.re)

dev.off()

V V V.V

gelman.diag(result.re) #<1.175 5 IR R & I/ B

\%

Residual deviance

Leverage

04 08

0.0

Per-arm residual deviance

a) a:n:ggtg%

In]

Q

12

Leverage versus residual deviance

Per—study mean per—datapoint contribution

14

Square root of residual deviance
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I Ranking probabilities

HFBREDBOYU T T CEITRBRNREIBELTT-EOREEDHEEE
> ranks <- rank.probability(result.re)
> round(ranks,2,preferreddirection=-1) #8H'betterF55E

Rank probability; preferred direction = -1

[.11 [,2] [,3] [.,4]1 [,5]

A 0.00 0.06 0.08 0.14 0.73
B 0.90 0.06 0.02 0.01 0.00
C 0.02 0.21 0.25 0.39 0.13
D 0.01 0.09 0.45 0.36 0.09
E 0.07 0.58 0.20 0.10 0.05

> colnames(ranks)<-1:5
> plot(ranks,legend = colnames(ranks) ,col = rainbow(5))

#SUCRAIZ/NN Yy r— U IZHBEN T W -OFBFHE (RX T4 FAKL)
> Tlibrary(reshape2)

> Tibrary(ggplot2)

> ranks.ma<-matrix(ranks, nrow=nrow(ranks),
ncol=nrow(ranks))

> row.names (ranks.ma)<-row.names(ranks)
y<-melt(ranks.ma)#X D= DT — 7 EF

> colnames(y)<-c("treat","rank™,"prob™)

> ggplot(y,aes(x = rank, y = prob))

+ geom_line()+facet_wrap(~treat)

v

10

08

04 06

1

02

00

A B c
0.75-
0.50-
2.5 /\
0.0 -
g . L N
0.50-
0.25- /\
0.0 -
1 2 3 4 5 1 2 : s g

|

!i!! ..
-
A B C D

E

rank
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ISUCRA Surface Under the Cumulative RAnking curve

O mip
> HERHEED R /v 7 — ISRV OTTEREE Yici Pij
> y<-y[order(y$treat,y$rank),] SU(HU4i==-ﬁf——jf—
> y<-within(y, cum_prob <- ave(prob, treat, FUN=cumsum . T - I e 8
2 Y, e <'° D p RO OREED B, T AR
treat rank orob cum_prob BRI DHERED RFF(TR)OHME TmEiE
1 A 1 0.0007366667 0.0007366667
5 A 2 0.0566800000 0.0574166667
11 A 3 0.0810800000 0.1384966667
16 A 4 0.1356800000 0.2741766667
21 A 5 0.7258233333 1.0000000000
2 B 1 0.9043300000 0.9043300000
> #SUCRA
> sucra<-aggregate(y$cum_prob,by=1list(treat=y$treat),sum)
> sucra$sucra<-(sucra$x-1)/(nrow(sucra)-1) treat
> sucralc(1,3)] 2 -
1o, =
Treat sucra E —
1 A 0.1177067 =
2 B 0.9648492
3 C 0.3950633
4 D Q.3873342
5 E 0.6350467

> ggplot(y,aes(x = rank, y = cum_prob, color = treat))+ gggmﬁ1ine()

rank



ENRETILDEE

vV++ + + V VYV

O mip

set.seed(1234)

model <- mtc.model(network,linearModel="fixed",n.chain = n.chain)

for (i in 1l:n.chain) {
model$inits[[i]]%.RNG.name
modeT1$inits[[1]]%.RNG.seed
print(model$inits[i])

}
result.fe <- mtc.run(model, n.adapt=50000, n.iter=100000,thin=1)

"base: :Mersenne-Twister"
123+1

Mean Difference (95% Crl)

—— Model fit (residual deviance): B —o— 18(-25,-12)
C o 048 (-1.4,0.47)
D o 052 (15, 042)
Dbar pD  DIC E o 0.82(-18,0.20)
13.28124 10.99330 24.27454 | |
-3 0 05
Compared with A

15 data points, ratio 0.8854,1"2 = 0%

25



I Node-splitting{&[Z kA —B 14 D T4

> EERETILOHEHR

> result.pd.ns <— mtc.nodesplit(network, linearModel= ‘fixed’, n.adapt=10000, n.iter=20000,thin=1,n.chain = 3)

> summary.pd.ns <— summary(result.pd.ns)

> plot(summary.pd.ns)

Study
CvsA

direct
indirect
network
DvsA

direct
indirect
network
DvsB

direct
indirect
network
DvsC

direct
indirect
network

P-value

0.7113667

0.5661

0.9854

0.7223

Mean Difference (95% Crl)

031(-16,10)
067 (-2.1,070)
047 (-14,0.48)

091 (-2.3, 0.44)
032(-18,12)
052 (-15,0.44)

14(0031,28)
1.4(0.27,30)
13(0.27,2.3)

.0.0012 (-0.68, 0.68)
0.35(-2.1,14)
-0.046(-0.68, 0.59)

4

O mu=

26



2D

RRRHBRZRV 5D

> BEEDIRETILOHEHR

mHEBRY A XICKEEE

W0 0O =] O N fa L2 P

2HEBDIEE
Odds Ratio (95% Crl)
- 1.0(0.94,11)
o 0.84 (0.77,0.91)
—or- 0.95 (0.87, 1.0)
—o— 0.88 (0.79, 0.99)
—o— 0.84 (0.72, 0.98)
—o— 0.62 (0.51, 0.76)
o 0.82(0.53, 1.3)
| £ - 1.0(095,1.1)
05 1 2

Compared with 1

FIEEICx T HMie B EIED B

@ mu==iE

1000051/ B DA ERZE RN -5 E
(KRIREFABRAEREINGINOT-EE)

Odds Ratio (95% Crl)
0.77 (053, 1.1)
0.51(0.36,0.73)
15(0.41,6.4)

0.23 (0.080, 0.63)
0.44 (0.32, 0.60)
0.60 (0.37, 0.98)
0.99 (0.65, 1.5)

. —o

3 ——

4 o

5 o

7 ——

8 —

9 —4—
|

0.07 1

Compared with 1

27



I % : Certolizumab M A2 [a]IF D f

> EftED K EE (FHERTIRE) TOD A2

BIQTRTHABETIDOXEERIIZDNT

B R gemtc/ N\ —U Tl A9 EBEERITHONS

I

@ m=E

OThe regressor variable is automatically centered and standardized using

the method recommended by Gelman et al. (2008).

> R—RXTAI) A IZKBHAZ

B SEIBRLER/IANYS—Y (gemtc LIS E) ITITFHE SN TULVERLY

JROETIL

RTAWAIZITEREJIAGSLHEZFIAT AL
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I 5% DICEHAZEDYIFZLBEL
i) 2{E O vhE#

> NICE TSDTIZ

@ mu==iE

DIC = res + Pp
Dres = Xi Zrdevie = Ly i 2 (Tzklog( ”;) + (Mik — Tixe) 109( - T""'))

Nig—Tik
O dev, [ Fiteration THEINSGE T —ERA UM (FIBDOEKE) [CDOVWTORERBE, 71 = nypi

B pp =3, Xi|devy — devy]
Odev;, [$dev;, DEETY, dev;, (&7, DEH T 7\ Ddeviance
B /=1ZL, NICE TSDDHIRTIE p lEWinBUGSDE H #EEFALVT V315 81H 5
> WinBUGSA°SASODICE i RED IS
BB ALEOEREZEC-OENELD
OEQRKESOEEMIELAELD TRERBIZIXE LY
B 7, T3S, A VXL (BEERNGA=R) DEERFENLKRD =7, NMEHNS
—HHEZIETE T H/\TA—F—D b EHT HiEHk
SASMDproc MCMCTIIPrior AT —FAUKMZIEE T HINTA—E2—ND &
29



END OF FILE

O mu==

30



