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94.5% (p—value < 0.001)$13., GLP—1RAATFX = 97.9% (p—
value<0.001), SGLT2iA74 94.7% (p—value<0.001), TZD<
T A 80.5% (p—value <0.001) ittt A AA| A Controla-9
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5o A=A A #dd 5 V] kel &3 A7) =4#
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Change in HbA1c of Control Group (%)

Figure 3. Meta—regression between the change in HbAlc in the
control group and the treatment difference in the change of

HbAlc.

The triangles, circles, squares, and diamonds correspond to
DPP4i studies, GLP—1RA studies, SGLTZ2i studies and TZD
studies, respectively. Solid lines indicate the relationship
between the change in the HbAlc in the control group and the
treatment difference in the changes of the HbAlc by meta—

regression.
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Figure 4. Meta—regression between potential confounders and

the treatment difference in the change of HbAlc.

The triangles, circles, squares, and diamonds correspond to
DPP4i studies, GLP—-1RA studies, SGLT2i studies and TZD
studies, respectively. Solid lines indicate the relationship
between each potential covariate and the treatment difference in

the changes of the HbAlc by meta—regression.

26 2 M E g



BA A dd Z2do 71 &34l okAl= GLP—-1RA9 Y, t}

=< TZD, SGLT2i, DPP4i 0|33l 9]

iy

R Aol & no]

rlr

AL AT (FF AL3).
GLP—1RATFANAM = T AFEof H&A FEozTolA9
Axbzre]l AR ow 34 YEFL (3= A.2, Figure3) ©]& w@

go® y#ste] HAS Fof] GLP-1RAS a¥arls B4 A

AT (Figure 4). webxs B3 A3 vlugls o A= =9+ &
AP AW F23t zfo]S Holx kgl GLP-1RA$ DPP4i %F

o Azasdt Aol7t BAY & 7o FEo 2 Mo u(FE AJ).

27 A 21



HES A

| —
R

o A

]

pzS
T

A]

9871497t

2.4.

oW 3w ok
oo T T R T
. o
I OO = B S S
R A
LI
Ao % <M
L A
0 o o
= P ol A
o ™ mw of o
- W do
Kook m oo &
A i
N
™o % Tow
5 T ® ¥ 3
mx .uAIO T., _5 r o ‘IY,_LII_|
=| RN 0 N
mm A oo
H_Tc file) Cxﬁ ‘WE
T0 9 0N BT =
TR W - S
o T ~ 4
o ojy T
IR X0 oF
o0 % Ty W
N N —
ook T e ©° X
w ™ g
! A~ G
= 9w W e
TR B oW W
¥ X% ¥ OXOE

Fz 7

°©

W R T

unanchored

S|
ax

|25 ©

b ERS] A

Y

Al 71e]

kel
comparisons 2}

L

L

3 7Y
, 2011) el A

28

= ol

ke
1t

2

=
ar
2

tol 285 lv[34].

°©

i

ko)
gl

2o g o] AT
Yl E ¢ 3 (anchored

171 wEel «oF &

[e)
vl
U AAE 7 AR (L3

°o]-&

=
=

=

il

Population—adjusted indirect comparisons[29—31]< 7}*3 Y

comparisons) °]

A

3

t]



2]

ol
ol

gl
ok

.60

TA Ao Z AFstA gk

A=

of i

<

BT

TZD

, DPP41, GLP—1RA, SGLTZi,

o g

M3 MESA e}

3
oF
T
—_

fite)

5

B

~

HlaL

A

(PBAC 2016) 4] 3}

=]
T

o 35 A

o
A

—_
fite)

=0

e
ol

T

7}

=]

3
JO

122

o

=

A
o

_]

]

!

} o]

X

(CADTH 2019) ]I 4]

]

pzS
T

T, A A

o)
P,

°

e g ARz &&

A=A
=

e B

P
T

ol
%o

N
ol

‘_Ir”

=
=

| A

oA oldide] et RCT

Controls+2] A¥}gko] HE

il

e A ke AR

~

fo] A2 &

ek

3

o

—

&lo] 2

U ES A o

)

—
file)

ol

—_
110

—_
"o

—_
file)

o
T
ol
el
33

¢

file)
M-

[m}
B

29

A5,



s

ML UEYI WetEA o o

A 3%

s

I\

AAF T 1

3.1.A4E

el

7

e A=Y FEdxT At 1 ApolelA

B

g
o

o}

e e

9]

oF

X

3|

toal

hS
~
™
B
N
kl

P

o

aig

of i

@A 5

= W A

B

—_
file)

ol

30



3.2. 94

3.2.1. 2@ A4 o 4%

=]
roh
=
ok
o
=
(m
o,
&V
=
O,
Mr
1
rir
M
iy
tlo
[-'>~
oX
ol
ol
38
v
Shl
o
o
=
rlo

AFESE A ol= “ (Network [tiab] OR mixed treatment [tiab]
OR multiple treatment [tiab] OR mixed comparison [tiab] OR
indirect comparison [tiab] OR simultaneous comparison [tiab] )
AND meta—analysis [tiab] AND 2018:2019/03 [dp]”o]H, & o

2 238 =Rog A3su)

31 .__i"xﬁ-! _-._'Ii_ .I_.li



20}

o)
=

FE

3.2.2. A=

-

(Table 2).

U EY A ZAA A dold 7HE

M

N
Bo
%o
R

)l

32



Table 2. A5 35
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Table 3. &3¢ 7/|W3d EYA EA

EA No (%) (n=113)

HES T 23E FA =

-4 40(35.4%)
5-10 62(54.9%)
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A F7
Drug 94(83.2%)
Surgical 8(7.1%)
Nutritional 3(2.7%)
Educational 1(0.9%)
Medical device 1(0.9%)
9 = %3t 6(5.3%)
AR F7
Objective 104 (92.0%)
Subjective 9(8.0%)
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4.2.1. A4 U4

Figure 6+ &% tlxael sldstes AEH (Ty) = p/el €4
AGME (T, T2 748 /I8d vEYao|t(Figure 6). ©]
A B4 AE¥E v FE pp-1/2700H, ol g
RCTE EASHA oot /st 24 Wi AUd dEFe
AAHA &2 pp—1)/270¢] Blae] gk 7] RCT dlolE =
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Figure 6. A graphical representation of an open—loop network
consisting of one common comparator treatment (Ty) and p active

treatments (Ty, -, Tp,).
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A 3o Aerste] A2 residual deviance #to] H| Y
A o] AHgsle] IS residual deviance FETF Zt}
([2.2.3. €#4d 7Hd AA O¥] Fa). o, 2 dFelAs
T R o R7HE AL residual deviance 7F 21| Q= x}o]

2 AAst= 7)1F A (cut—off value) S 188k &rr}.
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4.2.1.2. 28412 53 B3

F UEHAE AFEate] ALe B S Akl

A%t B9 RCT HolE= B4 9 var(fip), i=1,..,N(NS AS}
Be] RCT9] 7l5)olar, A9t C& RCT HIOlEE 8iuc 9 var(fac).
j=1,.. MM A} C2 RCT2 714) <]t}

9 HlolHE ARRSE UEQ A WEREA o RFE JE Bl b

& 297 dpp?t dpc® B3, VEAT U BE vaE] o $E
o A 1 WE FHN 022 Ack Bl U@ Col g Eat 2

7] FHAE dye —dag©l L ©] Y AR Var(dae — dag)©lth.
714€] Be} C Bl RCT HIOlElE= Bipe, var(Bipe), k=1,..,10

B9} Co RCTY 75 & %789, [4.2.1.1 AEAY] HeH

rlo

Oipcr,0igc = U X (§)ZHE AA3AH

éIBC~N(9IBCJ v?ir(é{Bc))

9;BC~N(9;BC' v/‘fr(églsc))

éch~N(9ch: v’&r(é{‘Bc)).

05pc,,0i5c = A=A E S (imputation parameter)©]™, o]&<
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jéﬁo] dAC - dAB + GBC O];ﬂ T']i_)?‘ O] f.Z O‘I_]_ XC_)]H-T%E N(dAAC - aAB +
@pc, t2) ZHEl A9 Z (random) YA EH QAT @pe> B} Co 1]
ol tist 7] AAu . FA i) & AR A (dye — dag)

7wl AEE ekl golr, o] ge U 45w 4

var(Oppe), k=1,..,1% A0 =AM BHFHE § I=F F
¥ oy 2 var(0ipc) = = var(Bjzc) = L-var(dye — dap) — £2
= AArete] ABAdsATk(e]l ¥4 e HAS HF B.loA o}
5 T Ath. e 2L S SldEl olgs BT TUd o= v

ATk w1 ARED L Var(dye — dgp) 7F 22 BT AT

A A AEARY HlolH &) =gl whdsk] Sls Hs A
¥ (multiple imputation method) 2] 70'd [45, 46]°] AF&% Q). ot
SAAN BHE A Este] JolE AmAaky] dolEl] FE(§) A
Oipc, . 0lsc & H500W HHE FZ3te] 500719 ¢dst HEYAE

AAsta, ZF EYaEz Ao 28 AlEste] UEYA wE
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4.2.2. Ho]g AL

9 WS AA dolele] A gste] B el By HAs

4.2.2.1.Smoking cessation data set

=9 A5 AYg X273 No Intervention (NI), Self—Help
(SH), Individual Counselling (IC), Group Counselling (GC) 7+ &
5 vl Agolvh[49]. ARG 6~1271E o = dF o
ol log—odds ratio(logOR) 7} At &3 37]9 =52 ALY
L EE A RCT7EF EA83laL, RCTY A Al vl

o}
AT F e £Fetel T 247090
=

e

TellM= e hels s F o wlal RCT 2270 A
&3holch NIk SHel RCT 371, NI} IC2] RCT 1471, NI} GC, SH
gk 1C, SHeE GCO RCT+= 7+ 170w (Figure 7(a)). ] HOIHE

A1t

e
i

2
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ftlo
)
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G EN D e (Rge] FET
° NISD S Fasarh BAA 718 55 dysy, dues duige 9

Agzd 494 9% 98 5L a3
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(2) (b)
self-help self-help

S\ %

no mtervention \ no intervention
— — — T
14 1 — 14 1
group

individual
counselling ? counselling counselling counselling

Figure 7. Example networks for smoking cessation data set

(a) A graphical representation of the evidence network for four smoking cessation counseling programs. (b) A
graphical representation of the derived open—loop network by eliminating four trials corresponding to direct

comparisons among self—help, individual counseling, and group counseling.
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t}& Figure 7(b)+ SH, IC, GC %F RCTES AlA8te] wE 7))

U dEAZel o] AP MEHIT FHSH: HolHE AL
sfo] Qe mRL ol gF MEQD lERAN ARAAS FH
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4.2.2.2.Simulated data sets

ANgar 3719 A7-u 2 A7 1 WEH FEEG, 4 AT
o] Amad A7 g9 FF exkst Amaxn 719 AT 3 o]
dol =5 wsh o] wk A9 B RCTS A%t CS RCTZ +4
# 7o AE dES I dist doleE AAslthH(Table 6).

Zt dlolg AEES At B RCT 5719 At Co RCT 5742 +4
shelth. ZF vlwe] Xsad A7) e PEAFs VI=e®E 949
2 Ageiglon, 12 FAES 0%((mo  heterogeneity) Z}
40% (moderate heterogeneity) & 18 JH[50]. Al +3F &3
A71E F8sk7] 918kl C, B, A =22 Ac tfsh Be T A5d

o A717F 0.57F HEE, Adl i Co T8 Amadar7t 19]

o] B AL 012 HYHAL, |wgplol w2t Doy 2
HAd @ 29 residual deviance =9 WItE AHFHE IgE=
Uet 1, F 2389 residual deviance ko] wxtEE HE Z A
of AR & dh= |wgpl o WS AATE o] W elA

Andd A9A 202 A9E FE 2PAE F4 1HTE A
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Table 6. Simulated data sets

(@) (b) (c) (d)
Sudy Conpuion e Swdd Efeel Sundad Efe Sundad Eflt S
1 AvsB 0.5 2 25 2 05 2V2 -4 2V2
2 AvsB 05 2 -15 2 05 2V2 -2 2V2
3 AvsB 05 2 05 2 05 2V2 05 2V2
4 Avs B 05 2 2.5 2 05 2V2 3 2V2
5 AvsB 05 2 35 2 0.5 2V2 5 2V2
6 AvsC 1 2 -2 2 1 2V2 -35 2V2
7 AvsC 1 2 -1 2 1 2V2 -15 2V2
8 AvsC 1 2 1 2 1 2V2 1 2V2
9 AvsC 1 2 3 2 1 2V2 35 2V2
10 AvsC 1 2 4 2 1 22 5.5 2V2

(a) when I? is 0% and the standard error is 2, (b) when I? is 40% and the standard error is 2, (¢) when I? is 0%
and the standard error is 2v2, and (d) when 12 is 40% and the standard error is 2v?2.
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4.3. A3

4.3.1. Smoking cessation data set

I~

Aalel WE D Figure 7@) NN o e, drces 27
0.43 (95% CI, —0.38 to 1.25), 0.73 (0.26 to 1.20), 1.38 (0.25 to

25)91, A Aol 7+

7}

2
2

7L GCola 1 vy

fol

IC, SH, NI s=o]glt}(Table 7). &4 28+ 7F RCT7F A€ 74
W UEYA(Figure 70N ANME dysy, diie, dyviee 7t 27
0.33 (—=0.73 to 1.39), 0.72 (0.19 to 1.25), 3.52 (0.12 to 6.93)©]

gom, AgHse] w9 i HEHa=zFYH 42 % F

e

Al == E AT sHAIRE, HE UIE Aol 4 Nlo oigt GC
o AREN A7) #([dYee)°) & MELIAA & F(dfe0) B0

o 7om, GC7t HeAoz Aud dE% 5t

Hir

5o SEECE



Table 7. Results of a network meta—analysis using the complete network and derived open—loop network for the

smoking cessation data

Complete network Open-loop network
Parameter Estimate (95% CI) P(best) Estimate (95% CI)  P(best)

Treatment

A: NI - 0.00 0.00
B: SH dap 0.43 (-0.38, 1.25) 0.04 0.33 (-0.73, 1.39) 0.02
C.IC dyc 0.73 (0.26, 1.20) 0.10 0.72 (0.19, 1.25) 0.04
D: GC dap 1.38 (0.25, 2.50) 0.86 3.52(0.12, 6.93) 0.94
Heterogeneity T 0.78 0.85

Cl, confidence interval; NI, no intervention; SH, self-help; IC, individual counseling; GC, group counseling
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e 7 vEQAY] AsAds &3 BAEYS o] & uzt

o

Frt

A0 BAACT S8t |wywte WA 0RE 1.057H4

At (Figure 8).

/

/

34.5
1

Residual deviance

\ / 1.05

33.5
1
_—

33.0
1

0o 04 02 03 04 05 08 07 08 09 10 14 12 13 14 15 16

Absolute extent of inconsistency
Figure 8. Residual deviances by model type (y—axis) against the

absolute extent of inconsistency (x—axis)

The solid line and dashed line indicate the consistency model and
inconsistency model, respectively. A vertical line marks the point
at which the two lines cross, and the value of that point on the

X—axis is shown.
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Estimated treatment effect size

T T T T T T T T T T
0.1 0.2 03 04 05 06 0.7 0.8 09 1.0

Absolute extent of inconsistency

Figure 9. Interval plot of estimates of basic parameters against

the extent of inconsistency (x—axis) within the obtained range.

Black, gray, and dim gray lines indicate the estimated treatment
effect sizes for self—help, individual counseling, and group
counseling compared to no intervention with the accompanying

95% confidence intervals, respectively.

o LELE

U



FAMCRE Sgete ap| ot WS A AR dIE A
HAHAD GC7F HeAew Agd 52 AR 3 1A

WS olgatel Aefe ehdet MEIANAN Qe Aubsh wlad >

N
o
it
o3
B>
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0

At (Figure 10 (a)). T3h i HLgelA 743
HES T weR2AelA] & =99 ZEE e |wy |9 HIES oF

67 % tF (Figure 10 (b)) (¢] ¥]&2 100%0.7/1.05 & AL,
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Figure 10. (a) Probability that each treatment is the best for
smoking cessation against the extent of inconsistency within the
obtained range. (b) Ranking of each treatment for successful
smoking cessation against the extent of inconsistency within the

obtained range.

The gray dotted, gray solid, black solid, and black dotted lines
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indicate the probabilities corresponding to no intervention, self —
help, individual counseling, and group counseling, respectively. A
vertical line marks the point at which some lines cross, and the
percentages in the dark gray and dim gray boxes represent the
proportions of |a)jk| that resulted in a consistent ranking and an
inconsistent ranking of treatments relative to the original ranking

respectively.
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4.3.2. Simulated data sets

o 2719

158

residual

lwapl2 Fhol B AF G (Figure 11). &=
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(@) (b)

144 ' 1.83

74 76 78 80 82 84
153 154 155 156

L e e B e B L TT T T T T T T T T T T T T T T T T T T T
00 02 04 06 08 10 12 14 16 18 20 00 02 04 06 08 10 12 14 16 18 20 22

@, @

1.92

74 76 78 80 82 84 86
155 166 157 158 159

O!U‘O‘ZID;‘DTS‘D‘B‘ 1‘0‘1‘2‘1‘4‘ 1‘6‘1‘5‘2‘0‘2?2‘2'&'2'5 0‘0' ‘DIGI ‘D‘E‘ IO‘EI‘ I1.‘2I I1‘5‘ ‘175‘ ‘271‘ ‘274‘ ‘277‘ ‘E‘DI I3‘3
Figure 11. Residual deviances by model type (y—axis) against
the absolute extent of inconsistency (x—axis) for each simulated

data set.

(a) when I? is 0% and the standard error is 2, (b) when I? is
40% and the standard error is 2, (¢) when I? is 0% and the
standard error is 2v2, and (d) when I? is 40% and the standard
error is 2v2. The solid line and dashed line indicate the
consistency model and inconsistency model, respectively. A

vertical line marks the point at which the two lines cross.
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Figure 12. Probability of each group being the best intervention
(y—axis) against the extent of inconsistency, |wgc|, (x—axis)

within the obtained range for each data set.

(a) when I? is 0% and the standard error is 2, (b) when I? is
40% and the standard error is 2, (c) when I? is 0% and the
standard error is 2v2, and (d) when I? is 40% and the standard
error is 2v2. The black dotted, gray solid, and black solid lines
indicate the probability corresponding to groups A, B, and C,
respectively. A vertical line marks the point at which some lines
cross, and the percentages in the dark gray and dim gray boxes
represent the proportions of |wgc| that resulted in a consistent

ranking and an inconsistent ranking of treatments relative to the
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original ranking, respectively.
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A ANEE dES I dte], RCTE FAZ AAFA o2
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A.l. Summary of the studies included in the network meta—analysis

Study Baselin
duratio . Randomize . . Baselin Duratio e
Insulin Age Proportio Baselin . .
Study n of . d n of insulin
. regime Study arms - (years nofmale eBMI .
Source primar n participant ) (%) (kg/m?) HbAic diabetes  dose
y phase s, N g (%) (years) (lU/da
(weeks) y)
Insulin plus DPP4 inhibitor
Barnett et al, 24 stable saxagliptin 5mg+insulintmeformin 304 57.2 40.0 32.6 8.7 11.8 53.6
2012 placebo+insulintmeformin 151 57.3 45.0 31.8 8.6 12.2 55.3
Fonseca et al vildagliptin 50mg bid+insulin 144 59.6 47.9 33.3 8.4 14.4 81.2
' 24 stable —
2007 placebo+insulin 152 58.9 54.6 32.9 8.4 14.9 81.9
vildagliptin 50mg
g(r)alr;c et al, 12 NR bid+insulin+meformin 31 59.4 NR 28.6 7.7 6.1 39.3
placebo+insulin+meformin 31 59.4 NR 28.6 1.7 6.1 39.3
. vildagliptin 50mg
ZH(;rlog,SE et al, 19 stable  bid-+insulintmeformin 78 58.5 70.5 25.3 8.1 12.8 20.7
placebo+insulintmeformin 78 60.1 71.8 26.0 8.1 12.7 211
16 stable  sitagliptin 50 mg gd+insulin 129 62.3 58.9 25.2 8.9 14.1 24.4
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Kadowaki et

al. 2013 placebo+insulin 137 60.2 58.4 25.2 8.9 14.0 24.3
Kaku et al alogliptin 25mg qd+insulin 90 62.9 55.6 23.9 8.4 15.3 22.6
' 12 stable —
2014 placebo+insulin 89 62.4 52.8 24.7 8.4 14.5 23.7
vildagliptin 50mg
2K(§)1t2ny etal, 24 stable  bid+insulintmeformin 228 59.3 47.8 28.9 8.8 12.9 39.9
placebo+insulintmeformin 221 59.1 52.0 29.0 8.8 13.2 41.9
Mathieu et Lo tiratio gpeoetn 00Ma per dayglargine 329 593 459 319 87 132 373
al, 2015 n placebo+glarginexmetformin 329 58.3 49.8 32.3 8.8 13.7 36.6
. vildagliptin 50mg
lz\l(;rig et al, 24 stable  bid-insulintmeformin 146 57.8 41.8 26.2 8.6 11.2 33.3
placebo+insulintmeformin 147 58.4 44.9 26.0 8.7 114 31.7
alogliptin 25mg
Rtoslenzséggk 26 stable  qd+insulinmetformin 129 55.9 34.0 32.3 9.3 13.4 55.0
e placebo-+insulintmetformin 130 550  48.0 324 93 122 570
... sitagliptin 50mg or 100mg
ggtlo;t al, 24 titratio qd-+insulintOADs 25 66.0 64.0 24.5 7.9 19.0 31.8
n insulintOADs 24 66.0 75.0 26.8 7.8 20.0 325
sitagliptin 100mg
S|hazr2)k1a6r et 24 stable  qd+insulintmetformin 234 58.6 55.6 25.9 8.7 11.0 345
a placebo+insulintmetformin 233 56.7 49.8 26.1 8.8 11.3 34.5
. sitagliptin 100mg
\/I||§t())(i|(; et 24 stable  qd+insulintmetformin 322 58.3 49.0 31.0 8.7 13.0 44.2
a placebo+insulintmetformin 319 57.2 53.0 31.0 8.6 12.0 44.5
Yki-Jarvinen linagliptin 5mg
et al, 2013 24 stable gd+insulintmetformintpioglitazone 631 597 521 308 8.3 NR 415
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placebo+insulintmetforminpioglita

70ne 630 60.4 52.2 31.2 8.3 NR 40.1
NCT020815 16 NR teneligliptin 20mg gd+insulin 77 NR 76.6 NR NR NR NR
99 placebo+insulin 71 NR 74.6 NR NR NR NR
Insulin plus GLP-1 receptor agonist
liraglutide 0.6-1.8mg
Alhrznoaln; et 26 stable  qd+insulin+metformin 225 59.3 53.3 32.3 8.2 12.1 40.5
a placebo+insulintmetformin 225 57.5 60.4 32.2 8.3 12.1 40.5
... fixed combination
?(;iga etal, 30 t|trr::1t|o (lixisenatide+glargine) +metformin 367 596 450 313 8.1 120 350
glarginexmetformin 369 60.3 48.5 31.0 8.1 12.1 35.2
exenatide 10pg
Buse et al, 30 titratio  bid+insulintmetforminzpioglitazone 137 59.0 510 338 8.3 120 49.5
2011 n ;Z):)z;ceebmmsullntmetformmiplogl|ta 192 590 64.0 331 85 120 474
liraglutide 0.6-1.8mg qd+degludec
Buse et al, 26 titratio  +metformin+SU/glinides 199 57.0 56.0 336 8.7 100 290
2014 n ﬁ:gzlsawdegludec+metform|ntSU/gI| 199 58.0 530 338 8.8 11.0 29.0
. L liraglutide 0.6-1.8mg
ggfa\,llt etal, 26 titratio gd+insulintmetformin+SU 26 57.0 61.5 34.0 1.2 8.3 54.0
n insulintmetformintSU 24 59.0 62.5 32.0 75 7.6 50.0
- o exenatide 10pg
Dl|s;|0|!lj et 24 titratio bid+insulin+metformin 14 49.1 50.0 41.9 8.7 12.3 253.0
a " insulin+metformin 14 543 500 40.2 9.2 124 2370
Lind et al, titratio  liraglutide 0.6-1.8mg
2015 24 0 qd-+insulint metformin 64 63.7 62.5 33.7 9.0 17.3 105.3
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placebo+insulintmetformin 60 63.5 66.7 335 8.9 17.0 105.7
. ... fixed combination (liraglutide 0.6-
;m%fg et 26 mrﬁt.o 1.8mg qd-+degludec)metformin 278 58.4 51.4 31.7 8.4 11.64 31.0
’ glarginexmetformin 279 59.1 49.1 31.7 8.2 11.33 32.0
Riddle et al, lixisenatide 10-20ug
2013 ” stable  qd+insulintmetformin 328 57.0 45.0 31.9 8.4 12.5 54.0
(GetGoal-L) placebo+insulintmetformin 167 57.0 49.0 32.6 8.4 12.4 58.0
Riddle et al L ; ;
' L lixisenatide 10-20ug qd+glargine
2013 24 titratio 4 metformintTZD 223 56.0 49.0 32.0 7.6 9.6 43.4
(GetGoal- n
Duo 1) placebo+glargine+metformintTZD 223 56.0 51.0 31.7 7.6 8.7 44.2
Seino et al, o4 stable lixisenatide 20ug qd-+insulin:SU 154 58.7 44 .8 25.4 8.5 13.7 24.9
2012 placebo+insulintSU 157 58.0 51.0 25.2 8.5 14.1 24.1
Seino et al, 16 stable liraglutide 0.9mg gd+insulin 127 61.3 54.3 26.2 8.8 14.32 30.0
2016 placebo+insulin 130 59.8 57.7 25.2 8.8 14.69 29.0
dulaglutide 1.5 mg qw+glargine
[7\11(;1'021523 28 NR +metformin 150 60.2 56.7 NR NR NR 40.7
placebo+glargine metformin 150 60.6 58.7 NR NR NR 36.6
Insulin plus SGLT2 inhibitor
Araki et al, 16 stable dapagliflozin 5mg qd+insulint DPP4i 122 58.3 73.0 26.89 8.3 15.32 37.9
2016 placebo+insulintDPP4i 60 57.6 66.7 26.12 8.5 14.24 40.6
Inagaki et al, 16 stable canagliflozin 100mg gd+insulin 76 59.7 57.9 26.88 8.9 15.18 31.1
2016 placebo+insulin 70 56.1 70.0 25.99 8.9 12.34 28.1
Neal et al, canagliflozin 300mg a a
2015 18 stable qd+insulintOADSs 690 63.0 65.0 33.3 8.3 16.3 60.0
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placebo+insulintOADs 690 63.0? 66.0 33.1 8.3 16.0 58.0?
empagliflozin 25mg
Rtoslegscgizk 18 stable  qd+insulintmetformin 189 58.0 44.0 35.0 8.3 NR 92.9
el placebo-+insulintmetformin 188 553  40.0 347 83 NR 93.1
empagliflozin 25mg
Iiosler;sé(igk 18 stable  qd+insulintmetformin+SU 155 599 60.0 32.7 8.3 NR 484
etal placebo+insulintmetformin£SU 170 58.1 53.0 318 8.2 NR 47.8
_— dapagliflozin 10mg
VYIIZ%ISS et 12 stable  qd+insulintmetformintTZD 24 55.7 54.2 35.5 8.4 118 93.0
al placebo+insulintmetformintTZD 23 58.4 69.6 34.8 8.4 13.8 80.0
_— dapagliflozin 10mg
V:hlzcgglg et 24 stable  qd+insulin+OADs 194 59.3 44.8 334 8.6 14.2 78.0
& placebo+insulintOADSs 193 588 495 331 85 135 737
NCT020967 24 NR dapagliflozin 10mg gd+insulin 139 56.5 475 NR NR NR NR
05 placebo+insulin 133 58.6 48.1 NR NR NR NR
Insulin plus thiazolidinedione
Asnani et al, 16 titratio  pioglitazone 30mg qd+insulintOADs 8 59.0 NR NR 10.0 17.0 NR
2006 n placebo+insulintOADs 8 57.0 NR NR 8.7 11.0 NR
Buse et al, titratio  troglitazone 400mg qd+insulin 76 58.0 50.0 34.8 9.0 NR NR
1998 26 n placebo+insulin 71 57.0 49.0 345 9.0 NR NR
L pioglitazone 15mg bid+glargine
I—:ag%flelld et 24 titratio  } aformin 39 63.3 66.7 33.1 7.3 11.0 34.9
a " placebo+glargine +meformin 42 64.2 54.8 318 7.4 123 366
Henriksen et 26 stable pioglitazone 45mg qd+insulin 102 60.1 69.0 33.2 8.7 13.8 78.4
al, 2011 balaglitazone 20mg qd-+insulin 97 60.5 55.0 34.1 8.5 14.7 80.2
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placebo+insulin 106 60.9 62.0 33.9 8.5 12.6 75.2
Hodis et al, 24 titratio  troglitazone 400mg gd+insulin 142 52.4 33.1 32.1 9.9 9.8 51.5
2006 n placebo+insulin 134 52.6 32.1 31.1 9.7 9.7 54.5
Hollander et 24 titratio  rosiglitazone 2mg bid+insulin 189 52.6 48.1 33.7 9.0 13.0 73.5
al, 2007 n placebo+insulin 186 53.8 46.2 33.0 9.1 12.6 80.3
Mattoo et al, 24 titratio  pioglitazone 30mg qd+insulintOADs 142 58.8 43.7 32.5 8.9 13.62 NR
2005 n placebo+insulintOADs 147 58.9 42.9 31.8 8.8 13.41 NR
Naka et al, 24 NR rosiglitazone 4mg qd+insulin 17 64.7 17.6 28.8 8.8 20.1 48.4
2011 insulin 14 67.3 28.6 29.0 8.8 17.1 47.1
Shah et al, 12-16 titratio  pioglitazone 45mg per day+insulin 12 58.0 84.0 36.7 7.6 NR 105.0
2011 n placebo+insulin 13 58.0 84.0 36.7 7.8 NR 114.0
Yasunari et g titratio g:gg:'ﬁgﬁﬁﬂi&”& 22 56.0 81.8 25.5 8.6 134 372
al, 2011 " TinsulintOADs 26 572 692 269 86 148 396
Yilmaz et al, titratio  rosiglitazone 8mg qd+insulin 15 57.6 53.3 30.7 9.6 12.1 41.9
2007 24 n insulin 19 61.5 36.8 28.2 8.7 17.9 42.7
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A.2. Weighted mean change in HbAlc from baseline in
control group

Weighted mean change

Study Source in control group (95% CI)  Weight %
v
DPP4i study ]
Bamelt et al, 2012 —— -0.32(-047.-017) 708
Fonseca et al, 2007 — -0.20 (-0.40, 0.00) 679
Franc et al, 2015 —_— 0.30 (-0.33, 0.93) 3.67
Hirose et al, 2015 L g -0.11 (-0.23, 0.01) 720
Kadowaki et al, 2013 1 | - 0.30 (0.10, 0.50) 6.76
Kaku et al, 2014 e and -0.29(-0.45,-0.13)  7.00
Kothny et al, 2013 = -0.10 (-0.30, 0.10) 6.79
Mathieu et al, 2015 - 1 -090(-1.00,-0.80) 727
Ming et al, 2016 —— -0.38 (-0.62, 0.14) 653
Rosenstock et al, 2009 - -0.13 (-0.28, 0.02) 7.05
Sato et al, 2015 e 0.10 {-0.30, 0.50) 5.29
Shankar et al, 2016 - -0.30 (-0.40,0.20)  7.27
Vilsball et al, 2010 - 0.00 (-0.10, 0.10) 727
Yhi-Jarvinen et al, 2013 e 0.07 (-0.08, 0.23) 702
HETO2081588 —— -0.07 (-0.23,008)  7.02
Subtotal {l-squared = 94.5%, p = 0.000) q: -0.16 {-0.33, 0.01) 100.00
GLP1 agonist study .
Ahmann et al, 2015 'I-O- -0.11 (-0.25, 0.03) 8.00
Aroda et al, 2016 - =060 (-0.72, -0.48) 8.06
Buse et al, 2011 —— 1 -1.04 (-1.22. -0.86) 7.50
Buse et al, 2014 —— i -0.90 (-1.16,-0.65)  7.65
Da wit et al, 2014 N 0.01 (-0.03, 0.05) 817
Distiller et al, 2014 —_— ' -140(-2.11,-0.69) 529
Lind et al, 2015 — 042 (-0.66,-0.18)  7.71
Lingvay et al, 2016 - 1 -1.13(-1.24,-1.02) 8.06
Riddle et al, 2013 (GetGoal-L) — -0.40 (-0.60,-0.20)  7.85
Riddle et al, 2013 (GetGoal-Dua 1) ——r =0.40 (-0.60. -0.20) 7.85
Seino et al, 2012 | —— 0.11 {-0.15, 0.37) 763
Seino et al, 2016 - -0.43 (-0.60,-0.26)  7.93
NET02152371 - -0.67 (-0.85,0.49) 791
Subtotal (l-squared = 97.9%, p = 0.000) _— -0.55 (-0.82, -0.27) 100.00
1
SGLT2i study 1
Araki et al, 2016 | et 0.05 {-0.12, 0.23) 10.75
Cefalu et al, 2015 ! I -~ 0.19 (0.08, 0.29) 11.80
Neslo12. 2015 T D02 005,00 1240
jeal et al, = LU, U 12.
Rosenstock et al, 2014 - ' -0.50 (-0.60, -0.40)  11.88
Rosenstock at al, 2015 | e 0.00 (-0.20, 0.20) 1043
Wilding et al, 2009 :—-0-— 0.0 (-0.21, 0.39) 8.55
Wilding et al, 2012 == ' I -0.39 (-0.50, -0.28) 11.76
NCTD2095705 |- 0.03 (-0.11,0.17) 11.35
Subtotal (l-squared = 84.7%, p = 0.000) h -0.05 (-0.21, 0.10) 100.00
TZD study !
Asnani el al, 2006 - 0.10(0.36,0.16) 933
Buse et al, 1998 |— 0.09 (-0.18, 0.38) 9.14
Hanefeld et al, 2011 - -0.10(-0.34,0.14)  9.52
Henriksen et al, 2011 ' 0.85 (0.34, 0.97) 8.66
Hadis et al, 2006 1 0.20 (0.01, 0.39) 10.06
Hallander et al, 2007 —_—— <040 (-0.82,002) 744
Matioo el al, 2005 —- -0.13 (-0.36,0.10)  9.66
Maka et al, 2011 -~

Raskin el al, 2001
Reynolds et al, 2002 —,—
Shah et al, 2011

Yasunari et al, 2011
Yilmaz et al. 2007 —_—

0.10 (-0.09, 0.29) 1001
130(-2.28, 0.32)  3.03
-0.60(-1.35,0.15) 433
055 (-0.84, 0.26) B4

|

———
—
———— 0.30 (-0.29, 0.89) 563
——
120 (-1.96,-0.44)  4.25
-3

]
Subtotal (l-squared = 80.5%, p = 0.000) < <0.11(-0.32,009)  100.00
)
Overall (I-squared = 95.8%, p = 0.000) < 0.23 (0.2, 0.13)
NOTE: Weights are from random effects analysis :
! |
-2.28 [1] 228

The change in HbAlc (%) from baseline in the controls groups
of the DPP4i, GLP—1RA, SGLTZ2i, and TZD studies analyzed
using a random—effects model. The squares indicate an
individual study’ s effects and the size of the squares
corresponds to the study’ s weight in the meta—analysis, with

the horizontal lines extending from the symbols representing 95%
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CIs. The diamonds indicate the pooled estimates. (For the 3—arm
trial, the treatment effect from only 1 treatment arm was

presented.)
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A.3. Pairwise results of comparisons between antidiabetic agents as an add—on to pre—existing insulin therapy

from network meta—analyses adjusted by study—level covariates

Unadjusted results for difference in mean change of HbAlc from baseline (95% credible interval), %

Control —0.63 (—0.78, —0.49) -0.76(—=0.92, —0.60) —0.69(-0.87, —0.52) —0.74(—=0.94, —0.54)
- DPP4i -0.13(=0.34, 0.09) -0.06(-0.29, 0.17) -0.11(=0.35, 0.14)

- - GLP—1RA 0.07(-0.17, 0.31) 0.03(=0.23, 0.28)

- - - SGLT21 -0.04(-0.31, 0.22)

- - - - TZD
Probability (%) of being the highest ranked group for HbA1lc reduction

Control DPP4i GLP—1RA SGLT?21 TZD
0 3.24 52.08 28.08 16.60
Adjusted results for difference in mean change of HbAlc from baseline (95% credible interval), %

Control -0.54(-0.68, —0.39) -0.84(—1.00, —0.69) —0.66(—0.84, —0.48) -0.73(=0.93, —0.52)
- DPP4i -0.30(-0.52, —0.09) -0.11(-0.36, 0.12) -0.18(-0.44, 0.07)

- - GLP—1RA 0.19(-0.06, 0.43) 0.11(=0.16, 0.40)

- - - SGLTZ21 -0.07(=0.33, 0.20)

- - - - TZD
Probability (%) of being the highest ranked group for HbAlc reduction

Control DPP4i GLP—1RA SGLT?21 TZD
0 0.13 77.14 4.21 18.52
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B.2. R code : smoking cessation data set

library(R2WinBUGS)

# Calling WinBUGS code for consistency model and inconsistency model:

# Adapt the WinBUGS code published in the supplement of:

#Dias S, Welton NJ, Sutton AJ, Caldwell DM, Lu G, Ades A.

#NICE DSU Technical Support Document 4:

#Inconsistency in networks of evidence based on randomised controlled trials.
NICE Decision Support Unit. 2011.

modelfile<-"model_consistency.txt"
modelfile2<-"model_inconsistency.txt"

smoking_cessation<-read.csv("'smoking_cessation.csv",header=t) #loading t
he smoking cessation data set

##no intervention: treatment=1

#self-help: treatment=2

##tindividual counseling: treatment=3

##group counseling: treatment=4

smoking_cessation

#> smoking_cessation

#  study treatment diff  std.err

#1 1 1 NA NA
#2 1 2 -0.01596494 0.1699150

#3 2 1 NA NA
#4 2 2 0.39350454 0.3265754
#5 3 1 NA NA
#6 3 2 0.70294158 0.4413217
#1 4 1 NA NA
#8 4 3 2.20228929 0.1430439
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#9

#10
#11
#12
#13
#14
#15
#16
#17
#18
#19
#20
#21
#22
#23
#24
#25
#26
#27
#28
#29
#30
#31
#32
#33
#34
#35
#36
#37
#38
#39
#40

© ©O© 00 00 N N o oo o1 o

[EEN
o

10
11
11
12
12
13
13
14
14
15
15
16
16
17
17
18
18
19
19
20
20

A D OoON AW, W R, W R, W RO, O, W R, W, W, W, R, W, W

NA
0.87035364 0.7910933
NA
0.41564852 0.1557329
NA
2.77968375 1.4698402
NA
2.70539327 0.6251608
NA
242518742 1.0422512
NA
0.44361687 0.5219769
NA
0.46459090 0.1417462
NA
-0.15581043 0.3212230
NA
-0.23997016 0.1736564
NA
0.03895601 0.1873842
NA
0.39041227 0.1680177
NA
0.10633565 0.5955997
NA
0.58339829 0.2983467
NA
3.52251683 1.4969970
NA
-0.15168459 0.4289753
NA
1.04348631 0.4489795
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NA

NA

NA

NA

NA

NA

NA

NA

NA

NA
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NA

NA

NA
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#41 21 3 NA NA

#42 21 4 0.68072466 0.4092394
#43 22 3 NA NA
#44 22 4 -0.40546511 0.7139060

## network meta-analysis using the smoking cessation data set
t<-matrix(smoking_cessation$treatment,ncol=2,byrow=TRUE)
y<-matrix(smoking_cessation$diff,ncol=2,byrow=TRUE)
se<-matrix(smoking_cessation$std.err,ncol=2,byrow=TRUE)
na<-rep(2,nrow(t))

NS<-nrow(t)

NT<-length(levels(as.factor(smoking_cessation$treatment)))

inits<-function(){list(d=c(NA,0,0,0),tau=1)}

data<-list("t","y","se","na","NS","NT")

vars2keep<-list("d","tau","tau2","md","best")

output<-bugs(model.file=file.path(modelfile), data=data, inits = inits,
parameters.to.save = vars2keep, n.chains=4, n.iter=25000, n.burnin=5
000,
n.thin=1, debug=TRUE, bugs.seed=1000, DIC=TRUE)
print(output,digits=4)
#> print(output,digits=4)
#Inference for Bugs model at "model_consistency.txt", fit using WinBU
GS,
# 4 chains, each with 25000 iterations (first 5000 discarded)

# n.sims = 80000 iterations saved

# mean sd 2.5% 25% 50% 75% 97.5% Rhat
n.eff

#d[2] 0.4332 0.4166 -0.3763 0.1614 0.4277 0.6978 1.280 1.0011 170
00
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#d[3] 0.7283 0.2393 0.2781 0.5693 0.7203 0.8787 1.225 1.0010 80
000

#d[4] 1.3757 0.5728 0.2691 0.9970 1.3670 1.7430 2.536 1.0010 69
000
#tau 0.7814 0.1875 0.4926 0.6481 0.7561 0.8857 1.220 1.0011 21
000
#tau2 0.6458 0.3315 0.2426 0.4200 0.5717 0.7844 1.489 1.0011 21
000

#md[1,2] 0.4332 0.4166 -0.3763 0.1614 0.4277 0.6978 1.280 1.0011 170
00

#md[1,3] 0.7283 0.2393 0.2781 0.5693 0.7203 0.8787 1.225 1.0010 80
000

#md[1,4] 13757 0.5728 0.2691 0.9970 1.3670 1.7430 2.536 1.0010 69
000

#md[2,3] 0.2951 0.4405 -0.5775 0.0132 0.2923 0.5767 1.171 1.0011 180
00

#md[2,4] 0.9425 0.6068 -0.2411 0.5456 0.9397 1.3340 2.155 1.0011 300
00

#md[3,4] 0.6474 0.5507 -0.4333 0.2846 0.6472 1.0030 1.741 1.0010 680
00

#best[1]  0.0000 0.0061 0.0000 0.0000 0.0000 0.0000 0.000 1.0513 800
00

#best[2] 0.0360 0.1862 0.0000 0.0000 0.0000 0.0000 1.000 1.0010 600
00

#best[3] 0.1002 0.3003 0.0000 0.0000 0.0000 0.0000 1.000 1.0010 380
00

#best[4] 0.8638 0.3430 0.0000 1.0000 1.0000 1.0000 1.000 1.0010 800
00

#deviance 21.9832 6.4900 10.9500 17.3500 21.3900 26.0300 36.230 1.0010 600
00

#

#For each parameter, n.eff is a crude measure of effective sample size,
#and Rhat is the potential scale reduction factor (at convergence, Rhat=
1).

#
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#DIC info (using the rule, pD = Dbar-Dhat)

#pD = 16.9 and DIC = 38.9

#DIC is an estimate of expected predictive error (lower deviance is bett
er).

##network meta-analysis using the derived open-loop network for the s
moking cessation data set

open<-smoking_cessation[1:36,] ## creating an open-loop network

t<-matrix(open$treatment,ncol=2,byrow=TRUE)
y<-matrix(open$diff,ncol=2,byrow=TRUE)
se<-matrix(open$std.err,ncol=2,byrow=TRUE)
na<-rep(2,nrow(t))

NS<-nrow(t)
NT<-length(levels(as.factor(open$treatment)))

inits<-function(){list(d=c(NA,0,0,0),tau=1)}

data<-list("t","y","se","na","NS","NT")
vars2keep<-list("d","tau","tau2","md","best")

output<-bugs(model.file=file.path(modelfile), data=data, inits = inits,
parameters.to.save = vars2keep, n.chains=4, n.iter=25000, n.burnin=5
000,
n.thin=1, debug=TRUE, bugs.seed=1000, DIC=TRUE)
print(output,digits=2)
#> print(output,digits=4)
#Inference for Bugs model at "model_consistency.txt", fit using WinBU
GS,
# 4 chains, each with 25000 iterations (first 5000 discarded)

# n.sims = 80000 iterations saved
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# mean sd
n.eff

#d[2]

00

#d[3] 0.7213 0.2695
000

#d[4] 3.5240 1.7385
000

#tau 0.8499 0.2268
000

#tau2 0.7737 0.4531
000

#md[1,2] 0.3317 0.5416
00

#md[1,3] 0.7213 0.2695
000

#md[1,4] 3.5240 1.7385
000

#md[2,3] 0.3896 0.6049
00

#md[2,4] 3.1923 1.8228
00

#md[3,4] 2.8027 1.7564
00

#best[1]  0.0000 0.0061
00

#best[2] 0.0193 0.1377
00

#best[3] 0.0416 0.1996
00

#best[4]  0.9390 0.2392
00

#deviance 15.8556 5.9804
00

#

2.5%

25%

0.2092 0.5454

0.1406 2.3540

0.5133 0.6903

0.2635 0.4765

-0.7416 -0.0129

0.2092 0.5454

0.1406 2.3540

50%

0.7122 0.8877

3.5160 4.6910

0.8148 0.9693

0.6639 0.9395

0.3272

0.7122 0.8877

3.5160 4.6910

75%

0.6732

-0.8025 0.0003 0.3849 0.7711

-0.3697 1.9630

-0.6355 1.6230
0.0000 0.0000
0.0000 0.0000
0.0000 0.0000
0.0000 1.0000

5.9660 11.5900
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3.1910

2.8000

0.0000

0.0000

0.0000

1.0000

15.2500

44173

3.9830

0.0000

0.0000

0.0000

1.0000

19.4500

97.5% Rhat

0.3317 0.5416 -0.7416 -0.0129 0.3272 0.6732 1.414 1.0010 470

1.280 1.0010 72

6.966 1.0011 15

1.390 1.0010 80

1.932 1.0010 80

1.414 1.0010 470

1.280 1.0010 72

6.966 1.0011 15

1.605 1.0010 400

6.781 1.0012 130

6.269 1.0011 170

0.000 1.0513 800

0.000 1.0010 800

1.000 1.0010 800

1.000 1.0010 800

29.200 1.0010 800



#For each parameter, n.eff is a crude measure of effective sample size,
#and Rhat is the potential scale reduction factor (at convergence, Rhat=
1).

#

#DIC info (using the rule, pD = Dbar-Dhat)

#pD = 14.8 and DIC = 30.6

#DIC is an estimate of expected predictive error (lower deviance is bett
er).

R R R R R
R R R R R
Application of our developed method to the data set corresponding to t
he created open-loop network

BT R R R R
R R R R R ]

##calculation of between-study and within-study variances
(tau<-0.8499)

(assumed_se23<-sqrt(5*(0.6049"2)-tau”2))
(assumed_se24<-sqrt(5*(1.8228"2)-tau”2))
(assumed_se34<-sqrt(5*(1.7564"2)-tau”2))

##defining a data set in which outputs from applying our method is sa
ved

final<-data.frame(inconsistency= numeric(0),dev_con = numeric(0),dev_inc
on = numeric(0),

d12_sum= numeric(0),d13_sum = numeric(0),d14 sum = numeric(0),
d23_sum = numeric(0),d24_sum = numeric(0),d34_sum = numeric(0),

d12_var = numeric(0),d13 var = numeric(0),d14_var = numeric(0),

d23 var = numeric(0),d24_var = numeric(0),d34_var = numeric(0),
bestl sum= numeric(0),best2_sum= numeric(0),best3_sum = numeric(0),

best4 _sum = numeric(0))
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for (k in 1:100){

dev1<-0;dev2<-0
d12<-0;d13<-0;d14<-0;d23<-0;d24<-0;d34<-0
sd12<-0;5d13<-0;sd14<-0;5d23<-0;5d24<-0;5d34<-0
best1<-0;best2<-0;best3<-0;best4<-0

for (j in 1:500){
a<-rnorm(5,mean=0.3896-0.1*(k-1),sd=tau)
b<-rnorm(5,mean=3.192-0.1*(k-1),sd=tau)
c<-rnorm(5,mean=2.803-0.1*(k-1),sd=tau)
al<-0; bl<-0; c1<-0

for(i in 1:5){

al[i]<-rnorm(1,a[i],sd=assumed_se23)
bi[i]<-rnorm(1,b[i],sd=assumed_se24)
cl[i]<-rnorm(1,c[i],sd=assumed_se34)

}

##data imputation

## 2vs3
data23_imputed<-data.frame(study=rep(19:23,each=2),treatment=c(rep(c("2",
"3").5)).
diff=c(NA,a1[1],NAa1[2],NA,al[3],NA,al[4],NA,al[5]),std.err=rep(c(NAas
sumed_se23),5))

## 2vsd
data24_imputed<-data.frame(study=rep(24:28,each=2),treatment=c(rep(c("'2",
"4"),5)),
diff=c(NA,b1[1],NA,b1[2],NAb1[3],NA,b1[4],NA,b1[5]),std.err=rep(c(NA,a
ssumed_se24),5))

## 3vs4
data34_imputed<-data.frame(study=rep(29:33,each=2),treatment=c(rep(c("3",
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"4"),5)),
diff=c(NA,c1[1],NA,c1[2],NA,c1[3],NA,c1[4],NA,c1[5]),std.err=rep(c(NAas
sumed_se34),5))
complete<-rbind(open,data23_imputed,data24_imputed,data34_imputed)

##network meta-analysis using a consistency model
t<-matrix(complete$treatment,ncol=2,byrow=TRUE)
y<-matrix(complete$diff,ncol=2,byrow=TRUE)
se<-matrix(complete$std.err,ncol=2,byrow=TRUE)
na<-rep(2,nrow(t))

NS<-nrow(t)
NT<-length(levels(as.factor(complete$treatment)))
inits<-function(){list(d=c(NA,0,0,0),sd=1)}
data<-list("t","y","se","na","NS","NT")

vars2keep<-list("d","tau","md","best")

output<-bugs(model.file=file.path(modelfile),data=data,inits = inits,
parameters.to.save = vars2keep,n.chains=3,n.iter=40000,n.burnin=10000,n.t
hin=20,

debug=FALSE,bugs.seed=1000,DIC=TRUE)

##network meta-analysis using an inconsistency model
inits2<-function(){list(d=structure(.Data=c(NA,NA,NA, 0,NA,NA, 0,0,NA,
0,0,0),.Dim=c(3,4)),sd=1)}

vars2keep2<-list("d","tau™)

output2<-bugs(model.file=file.path(modelfile2),data=data,inits = inits2,
parameters.to.save = vars2keep2,n.chains=3,n.iter=40000,n.burnin=10000,n.
thin=20,

debug=FALSE,bugs.seed=1000,DIC=TRUE)

##tabstraction of residual deviance from each model

109 '



output$mean$totresdev->devl[j]
output2$means$totresdev->dev2[j]

##abstraction of results from a consistency model
outputdmean$md[1,1]->d12[j]
output$mean$md[1,2]->d13[j]
output$mean$md[1,3]->d14[j]
output$mean$md[2,1]->d23[j]
outputdmean$md[2,2]->d24[j]
output$mean$md[3,1]->d34[j]

output$sd$md[1,1]->sd12[j]
output$sd$md[1,2]->sd13[j]
output$sd$md[1,3]->sd14[j]
output$sd$md[2,1]->sd23[j]
output$sd$md[2,2]->sd24[j]
output$sd$md[2,3]->sd34[j]

output$mean$best[1]->best1[j]
output$mean$best[2]->best2[j]
output$mean$best[3]->best3[j]
output$mean$best[4]->best4[j]
}

##combining the results from the 500 complete networks by Rubin's rul
e

final[k,1]<-0.1*(k-1)

final[k,2]<-mean(dev1l)

final[k,3]<-mean(dev2)

final[k,4]<-mean(d12)
final[k,5]<-mean(d13)
final[k,6]<-mean(d14)
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final[k,7]<-mean(d23)
final[k,8]<-mean(d24)
final[k,9]<-mean(d34)

final[k,10]<-mean(sd12/2)+var(d12)*(1+1/500)
final[k,11]<-mean(sd13"2)+var(d13)*(1+1/500)
final[k,12]<-mean(sd14"2)+var(d14)*(1+1/500)
final[k,13]<-mean(sd23"2)+var(d23)*(1+1/500)
final[k,14]<-mean(sd24"2)+var(d24)*(1+1/500)
final[k,15]<-mean(sd34/2)+var(d34)*(1+1/500)

final[k,16]<-mean(best1)
final[k,17]<-mean(best2)
final[k,18]<-mean(best3)
final[k,19]<-mean(best4)
if(mean(devl)>mean(dev2)) break

}
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B.3. R code : simulated data set (a)

library(R2WinBUGS)

# Calling WinBUGS code for consistency model and inconsistency model:

# Adapt the WinBUGS code published in the supplement of:

#Dias S, Welton NJ, Sutton AJ, Caldwell DM, Lu G, Ades A.

#NICE DSU Technical Support Document 4:

#Inconsistency in networks of evidence based on randomised controlled trials.
NICE Decision Support Unit. 2011.

modelfile<-"model_consistency.txt" #calling the consistency model writte
n in WinBUGS code

modelfile2<-"model_inconsistency.txt" #calling the inconsistency model w
ritten in WinBUGS code

sl<-read.csv("sl.csv",header=T) #loading the simulated data set (a)
##A: treatment=1
##B: treatment=2
##C: treatment=3

sl

#> sl

#  study treatment diff std.err

#1 1 1 NA NA
#2 1 2 0.5 2
#3 2 1 NA NA
#4 2 2 0.5 2
#5 3 1 NA NA
#6 3 2 0.5 2
#1 4 1 NA NA
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#8 4 2 0.5 2
#9 5 1 NA NA
#10 5 2 0.5 2
#11 1 1 NA NA
#12 1 3 1 2
#13 2 1 NA NA
#14 2 3 1 2
#15 3 1 NA NA
#16 3 3 1 2
#17 4 1 NA NA
#18 4 3 1 2
#19 5 1 NA NA
#20 5 3 1 2

## network meta-analysis using the data set
t<-matrix(s1$treatment,ncol=2,byrow=TRUE)
y<-matrix(s1$diff,ncol=2,byrow=TRUE)
se<-matrix(s1$std.err,ncol=2,byrow=TRUE)
na<-rep(2,nrow(t))

NS<-nrow(t)
NT<-length(levels(as.factor(s1$treatment)))

inits<-function(){list(d=c(NA,0,0),sd=1)}
data<-list("t","y","se","na","NS","NT")
vars2keep<-list("d","tau","sd","md","best")
output<-bugs(model.file=file.path(modelfile), data=data, inits = inits,
parameters.to.save = vars2keep, n.chains=4, n.iter=25000, n.burnin=5
000,
n.thin=1, debug=TRUE, bugs.seed=1000, DIC=TRUE)
print(output,digits=4)
#> print(output,digits=4)

#Inference for Bugs model at "model_consistency.txt", fit using WinBU
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GS,
# 4 chains, each with 25000 iterations (first 5000 discarded)
# n.sims = 80000 iterations saved

# mean sd 2.5% 25% 50% 75% 97.5%
Rhat n.eff

#d[2] 0.5244 0.9856 -1.4260 -0.1282 0.5320 1.1820 2.442 1.0018 30
00

#d[3] 0.9924 0.9828 -0.8889 0.3337 0.9817 1.6360 2.969 1.0010 350
00

#tau 0.6846 0.5791 0.0262 0.2569 0.5416 0.9554 2.171 1.0026 1
500

#tau2 0.8040 1.4771 0.0007 0.0660 0.2933 0.9127 4.712 1.0026 1
500

#md[1,2] 0.5244 0.9856 -1.4260 -0.1282 0.5320 1.1820 2.442 1.0018 30

00

#md[1,3] 0.9924 0.9828 -0.8889 0.3337 0.9817 1.6360 2.969 1.0010 350

00

#md[2,3] 0.4680 1.3972 -2.2110 -0.4866 0.4476 1.4070 3.211 1.0014 64

00

#best[1]  0.0455 0.2085 0.0000 0.0000 0.0000 0.0000 1.000 1.0012 110

00

#best[2] 0.3532 0.4780 0.0000 0.0000 0.0000 1.0000 1.000 1.0027 15

00

#best[3] 0.6013 0.4896 0.0000 0.0000 1.0000 1.0000 1.000 1.0023 19

00

#deviance 35.2647 2.4392 32.4900 33.4900 34.6100 36.3800 41.640 1.0013 67

00

#

#For each parameter, n.eff is a crude measure of effective sample size,

#and Rhat is the potential scale reduction factor (at convergence, Rhat=

1).

#

#DIC info (using the rule, pD = Dbar-Dhat)

#pD = 3.0 and DIC = 38.3

#DIC is an estimate of expected predictive error (lower devia}nge is bett
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er).

HHH R
HH R
Applying our developed method to the simulated data set

HHH R R R
HH R

##calculate between-study and within-study variances
(tau<-0.6846)
(assumed_se<-sqrt(5*(1.397°2)-tau"2))

##defin a data set in which outputs from applying our method is saved
final<-data.frame(inconsistency= numeric(0), dev_con = numeric(0), dev_i
ncon = numeric(0),

d12_sum= numeric(0), d13 sum = numeric(0), d23_sum = numeric(0),
d12 var= numeric(0), d13 var = numeric(0), d23 var = numeric(0),

bestl _sum= numeric(0), best2_sum= numeric(0), best3_sum = numeric(0))
for (k in 1:100){

dev1<-0;dev2<-0
d12<-0;d13<-0;d23<-0
sd12<-0;sd13<-0;5d23<-0
best1<-0;best2<-0;best3<-0

for (j in 1:500){
a<-rnorm(5,mean=0.5-0.2*(k-1),sd=tau)
al<-0

for(i in 1:5){
al[i]<-rnorm(1,a[i],sd=assumed_se)

}
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##data imputation

##2vs3
data23_imputed<-data.frame(study=rep(12:16,each=2),treatment=c(rep(c("2",
"3").5))

diff=c(NA,a1[1],NA,a1[2],NA a1[3],NA,al[4],NA al[5]),
std.err=rep(c(NA,assumed_se),5))

complete<-rbind(s1,data23_imputed)

##network meta-analysis using a consistency model
t<-matrix(complete$treatment,ncol=2,byrow=TRUE)
y<-matrix(complete$diff,ncol=2,byrow=TRUE)
se<-matrix(complete$std.err,ncol=2,byrow=TRUE)
na<-rep(2,nrow(t))

NS<-nrow(t)

NT<-length(levels(as.factor(complete$treatment)))

inits<-function(){list(d=c(NA,0,0),sd=1)}
data<-list("t","y","se","na","NS","NT")
vars2keep<-list("d","tau","md","best")

output<-bugs(model.file=file.path(modelfile),data=data,inits = inits,
parameters.to.save = vars2keep,n.chains=3,n.iter=40000,n.burnin=10000,n.t
hin=20,

debug=FALSE,bugs.seed=1000,DIC=TRUE)

##network meta-analysis using an inconsistency model
inits2<-function(){list(d=structure(.Data=c(NA,NA,0,NA,0,0),.Dim=c(2,3)),s
d=1)}

vars2keep2<-list("d","tau™)
output2<-bugs(model.file=file.path(modelfile2) ,data=data,inits = inits2,

parameters.to.save = vars2keep2,n.chains=3,n.iter=40000,n.burnin=10000,n.
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thin=20,
debug=FALSE,bugs.seed=1000,DIC=TRUE)

##tabstraction of residual deviance from result of each model
output$means$totresdev->devl[j]
output2$means$totresdev->dev2[j]

##abstraction of results from a consistency model
outputdmean$md[1,1]->d12[j]
output$mean$md[1,2]->d13[j]
output$mean$md[2,1]->d23[j]

output$sd$md[1,1]->sd12[j]
output$sd$md[1,2]->sd13[j]
output$sd$md[2,1]->sd23[j]

output$mean3$best[1]->best1[j]
output$mean$best[2]->best2[j]
output$mean$best[3]->best3[j]
}

##combining the results from the 500 complete networks by Rubin's rul
e

final[k,1]<-0.2*(k-1)

final[k,2]<-mean(dev1l)

final[k,3]<-mean(dev2)

final[k,4]<-mean(d12)
final[k,5]<-mean(d13)
final[k,6]<-mean(d14)
final[k,7]<-mean(sd12/2)+var(d12)*(1+1/500)
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final[k,8]<-mean(sd13"2)+var(d13)*(1+1/500)
final[k,9]<-mean(sd14/2)+var(d14)*(1+1/500)

final[k,10]<-mean(best1)
final[k,11]<-mean(best2)

final[k,12]<-mean(best3)

if(mean(devl)>mean(dev2)) break

}
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B.4. Contrast—level forest plot with invariant intervals for the smoking cessation example

Contrast Mean 95% Credible Interval Invariant Interval

SHvsNI  0.33 (-0.74,1.41) — (NT,349) SsH _07
IC vs NI 0.72 (0.21, 1.28) SH (-45.93,3.73) IC : —
GCvsNI 352 (0.14, 6.97) Ic  (0.72,NT) - | o
I T T T T 1
-2 0 2 4 6 8
O Mean —— 95% Credible Interval Invariant Interval Effect size

The base—case optimal treatment is GC. Bold letters in the table emphasize contrast estimates with short invariant

intervals lying within the 95% credible interval. NI, no intervention; SH, self—help; IC, individual counseling; GC, group

counseling.
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Abstract

Development of a method for
assessing the credibility of
conclusions from open—loop
network meta—analysis under
unverifiable consistency
assumption

Jeong—Hwa Yoon
Interdisciplinary Program in Medical Informatics

The Graduate School

Seoul National University

Network meta—analyses based on systematic reviews are
often used to produce evidence for medical decision—making,
such as deciding which of various treatment options is the best
for a pre—defined population of patients. Specifically, network
meta—analysis is a statistical method for integrating the data
available from a network of multiple randomized controlled trials
(RCTs) that involve multiple interventions compared directly,
indirectly, or both. Since a network meta—analysis combining all

information from RCTs on multiple interventions provides an
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internally coherent set of estimates of the relative treatment
effects between competing interventions, the comparability of
the included trials should be ensured; that is, there should be no
imbalance in the distribution of potential effect modifiers across
the trials. The assumption of consistency across direct and
indirect evidence should then be statistically checked. In an
open—loop network, statistically detecting or checking
inconsistency is impossible, but when a qualitative evaluation
indicates that studies are comparable, researchers try to
integrate the data into a network meta—analysis based only on
indirect estimates under the consistency assumption.

The Canadian, British, and Australian Health Technology
Assessment Guidelines require that the consistency between
direct and indirect evidence within a network should be explored
and reported when performing a network meta—analysis. The
Canadian and Australian guidelines recommend that the results
of a common comparator were used as a proxy for unmeasured
patient characteristics which may be modifiers of intervention
effect and therefore a potential source of heterogeneity and/or
inconsistency. In particular, the Australian guideline suggests

using a meta—regression analysis or methods for population—

adjusted indirect comparisons to quantitatively identify factors
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that may cause inconsistency.

In order to evaluate the comparative effectiveness among
DPP4i, GLP—1RA, SGLTZ21, and TZD as an adjunctive treatment
in patients with poorly controlled type 2 diabetes mellitus on
insulin therapy, which had never been compared with each other,
an open loop network meta—analysis including 50 RCTs was
performed. We identified as many potential confounders as
possible and adjusted for their effect in the final analysis. In
particular, the results of the common comparator were identified
as an underlying risk indicator and an effect modifier. This
exercise presented the importance of a covariate—adjustment
approach that may neutralize potential inconsistency by ensuring
transitivity in an open—loop network under unverifiable
consistency assumption.

We systematically reviewed 113 open—loop network meta—
analyses published during about 1 year to identify empirical
evidence for their analytical limitations. In 10 studies there
applied a covariate—adjustment method. In 96 studies there did
not test for the essential assumptions (33 studies), or did
qualitatively assess similarity between studies (57 studies), or
did not apply covariate—adjustment due to a lack of data (6

studies). We confirmed that most of the published open—loop
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network meta—analyses have presented incorporating results
based on indirect comparisons under unverifiable consistency
assumption. Through this systematic literature review, we raised
the question of whether the existing conclusions could be
maintained 1if direct comparison studies are included, and this
uncertainty should also be reflected in the final conclusions and
medical decision making.

Finally, we suggested a method of performing a sensitivity
analysis through data imputation to assess the robustness of
results from an open—loop network meta—analysis with an
unknown degree of inconsistency. The method described herein
involves data imputation for the disconnections in an open—Iloop
network caused by the absence of RCTs for active treatments,
producing a complete network. The imputed data simulate a
situation that would allow for mixed treatment comparison, with
a statistically acceptable extent of inconsistency. By comparing
the agreement between the results obtained from the original
open—loop network meta—analysis and the results after
incorporating the imputed data, the robustness of the results of
the original open—Iloop network meta—analysis can be quantified
and assessed. We called this approach ‘adjustment through

imputation’ . To illustrate this method, we applied it to a real
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data set and some simulated data sets. The adjustment through
imputation applied to a hypothetically formed open—loop network
by discarding all RCT data between active treatments from a real
complete network showed that in 33% of the results from the
analysis incorporating imputed data under acceptable
inconsistency, the resulting treatment ranking would be
inconsistent with the ranking obtained from the open—loop
network. Through a simulation study, we demonstrated the
sensitivity of results after data imputation for an open—loop
network with different levels of within— and between—study
variability. Our method will serve as a practical technique to
assess the reliability of results from an open—loop network

meta—analysis under the unverifiable consistency assumption.

Keywords : Network meta—analysis, consistency assumption,
open—loop network, inconsistency, sensitivity analysis,
data imputation

Student Number : 2014—-30677
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