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¢ Challenges

Overview

¢ ,Regular” Meta-Analysis
— Fixed Effects and Random Effects
¢ Indirect Treatment Comparison

e Small sample sizes and small number of studies
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Fixed-Effects (FE) Meta-Analysis

e Assumption: One true effect size which all studies
are estimating

e Within-study error is the only source of sampling
error

¢ Study weight = 1/(within-study variance)
¢ Study weight strongly depends on sample size

Borenstein M et al., Introduction to Meta-Analysis, 2009
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Fixed-Effects (FE) Meta-Analysis

e What happens when there are studies with small
sample sizes?
— Smaller studies generally receive smaller weights in FE
meta-analysis
— Assumption = one true effect size among studies
=> smaller studies provide less information than larger
studies about overall effect estimate
— Smaller studies may be considered a less dependable
source of true effect estimate than larger studies

Borenstein M et al., Introduction to Meta-Analysis, 2009
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Example of Fixed-Effect Meta-analysis

Experimental  Control Odus Ratio Odds Ratio

Study or Subgroup _ Events  Total Events Total Weight MH, Fixed, 95% CI M-H, Fixed, 95% C1
Stucy 1 50 400 76 375 181% 057(0.39,0.84]

Study 2 13 550 76 B0 177% 066 [0.45,0.87]

Stuly 3 B0 600 80 600 218% 0B3[0.44,0.89]

Stucly 4 40 450 B0 400 147% 0B4(0.42,097]

Study § 80 1000 10 980 273% 0.69[0.51,0.83]

Study 6 20 a0 2 50 03% 16.00[34973.41]

Study T 18 48 1 45 0.2% 26.40(3.34,208.47]

Total (95% Cl} 338 3140 100.0% 0.74 [0.63, 0.86]

Total events )

Heterogeneity: Chi*= 30,55, df= 6 (P <0.0001); F= 80%
Test for overall effect Z= 3.8 (P = 0.0001)

0.0z 01 1 1050
Favours experimental Favours control

UMIT Dept. of Public Health & HTA

Random-Effects (RE) Meta-Analysis

¢ Does not assume one true effect size among all
included studies

e Each study estimating a different (true) effect size

e Want to estimate average of distribution of all (true)
effects

e Studies considered a random sample of distribution of
(true) effects

¢ Weight of each study in meta-analysis takes into
account both within- and between-study variance

Borenstein M et al., Introduction to Meta-Analysis, 2009
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Random-Effects (RE) Meta-Analysis Example of Fixed-Effect Meta-analysis

¢ What happens when there are studies with small sample

sizes ? Experimental Control 0dds Ratio Odds Ratio
. . . . . Study or Subgroup  Events  Total Events Total Weight M-H, Fixed, 95% CI M-H, Fixed, 95% C1
— Weights assigned to studies in RE are more balanced (i.e., e S a0 75 5 101% 0571099084 .
similar) than in FE Study 2 48 850 TR RO 1T.7%  D6G(045,087
Study 3 60 600 90 B00 216% 0.63(0.44,0.89] -
— In RE, each study estimates different effect size, so information Siﬁﬁ%é B 0 {g gfggg -
from a small study in a RE model may be more informative than Stusy 6 0 s 2 60 03% 1600(348,7341) —_—
. . Study 7 18 48 1 45 02% 26.40(3.34,208.47] —_—t
a small study in FE model where all true effect sizes assumed to
Total {95% CI) 3138 3140 100.0% 0.74 [0.63, 0.86]
be the same Total events 316 414
— As long as between-study variation > 0, confidence intervals for Hetarogeneiy GnP = 30.95, =6 (F « 0.0001); 7= B0% oz o1 1 T &

1
Testfor ovarall effact 7= 3.88 (F = 0.0001) Favours experimental Favours control

the overall effect size are generally larger in RE than FE

Borenstein M et al., Introduction to Meta-Analysis, 2009
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¢ Publication Bias o

Experimental  Control Odds Ratio Odds Ratio — Funnel Plot i
Study or Suhoroup _ Events _Total Events Tatal Weight M-H,Random, 05% CI MLH, Random, 857% €1 .
Stuely 1 50 400 75 8 179%  06710.39,084) - — Correction for
Sty 2 48 A50 76 600 181% 0.6 [0.46, 0.87] . . .
Study 3 B0 B00 80 f00 18.4% 063 [0.44, 0.85] | PUbllcatlon B|aS
Studly 4 40 480 B0 490 175%  064[0.42,097)
Study 5 80 1000 110 980 19.2% 060 [051, 0.03] - — Small pat. No
Stucy B Wm0 2 80 64%  16.00[3.48,73.41] e I . I
Study 7 1B 48 145 33%  26.40[3.34,208.47) E— — Interpretation
Total (95% CI) 3130 3140 100.0%  0.06[057,1.30] difficult for REM L " g o
Total events 316 414 o )
Heterageneity. Tau?= 0.21; ChF= 30,55, df= & (P < 0.0001); F= 80% oo i F—
Teetfor overall effect Z=0.72 (P=0.47) 3 - " tal F trol .

avaurs experimental avours control ° Study Quallty
e Subgroup Analysis
— May not be feasible with small numbers of studies
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Forest Plot: DMP and CHF (rehospitalization)

UMIT Gohler et al. 2006 Dept. of Public Health & HTA 13

Atienza (2003) 68 164 101 174 4.4% 0.71[0.57, 0.89] -
Cleland (2005) 165 341 46 85  4.4% 089(0.71, 1.12] T
Doughty (2002) 64 100 59 97 45% 1.05 [0.85, 1.31] T
Ducharme (2005) 45 115 66 115 3.7% 0.68(0.52, 0.90] —
Grancelli (2003) 261 760 296 758  5.7% 0.88 0.7, 1.00] —
Harrison (2002) 21 92 31 100 20% 0.74[0.46, 1.19] T
Jaarsma (1999) 2 84 29 95  20% 0.86 [0.54, 1.37] -1
Krumholz (2002) 16 a4 23 a4 2.0% 0.70[0.43, 1.13] -
Laramee (2003) 49 131 46 125 32% 1.02(0.74, 1.40] -
Naylor (1994) 6 72 23 70 16% 0.68 [0.39, 1.17] /T
Naylor (1999) 18 52 26 56 2.0% 0.75[0.47, 1.19] - 1
Rich (1993) 21 63 16 35 18% 0.73[0.44, 1.20] - 1
Rich (1995) 41 142 59 140  3.2% 0.69 [0.50, 0.95] |
Riegel (2002) 56 130 114 228 42% 0.86(0.68, 1.09] 7
‘Stromberg (2003) 28 52 37 54 33% 0.79[0.58, 1.07] T
“Thompson (2005) 13 58 21 48 15% 051[0.29, 0.91] -
Total (95% CI) 4030 3876 100.0% 0.84[0.78,0.91] *

Funnel Plot (RR):
Magnitude of Publication Bias

- SECGIRR)
02 .
1. What is the
consequence of a
o publication bias
o4 / \ 2. Which role do
/ \ studies with small
sample size play
06 K
o /"
08 / \
/ — \
; | R
obs o H 3 %
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Meta-Analysis: Small No of Studies

¢ Assessing heterogeneity in meta-analysis
— Cochran’s Q = Dependent on # of studies in analysis
— Low power when number of studies is small
— 12 = Proportion of variation across studies due to real
differences (heterogeneity)
— Not directly dependent on # of studies in analysis

Higgins JP et al., Measuring inconsistency in meta-analyses, BMJ 2003
Borenstein M et al., Introduction to Meta-Analysis, 2009

UMIT Dept. of Public Health & HTA 15 oncotyrol

Meta-Analysis: Small No of Studies

e How to decide between FE and RE?
Borenstein et al. suggest...

“The selection of the model must be based solely on the
question of which model fits the distribution of effect sizes, and
takes account of the relative source(s) of error. When studies
are gathered from published literature, the random-effects
model is generally a more plausible match.”

¢ |tis not recommended to base choice of model on tests
of heterogeneity.

Borenstein M et al., Introduction to Meta-Analysis, 2009
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Meta-Analysis: Small Number of Studies Network Meta-analysis - Example

Nuijten MJ et al. An indirect comparison of the efficacy of bevacizumab plus carboplatin and
e |f number of studies is Sma"’ may not be able to paclitaxel versus pemetrexed with cisplatin in patients with advanced or recurrent non-

. . . squamous adenocarcinoma non-small cell lung cancer. Curr Med Res Opin. 2011
precisely determine between-study variance

e Suggestions for how to handle this type of 1 Direct camparison i, Incirect comparison

situation: @

— Do not attempt to compute overall combined effect e
estimate

— FEM instead of REM e

— Bayesian framework using informative prior for between-

. . Figure 3. Representation of (i) the direct comparison between BCP versus

studies variance GP™ and (ii} indirect comparison between BCP'" versus PC'® where CP and

€620 are the common comparators. BCP, bevacizumab plus carboplatin
. . . and paclitaxel; CP, carboplatin plus paclitaxel; PC, pemetrexed plus

— Problem: all suggested alternatives have inherent Cisplating CB, cisplatin and gemeitabine.

limitations

Borenstein M et al., Introduction to Meta-Analysis, 2009
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Network Meta-Analysis Network Meta-Analysis: Small No of Studies
- Challenges

e Similarity assumption

— Studies should be combined only if believed to be methodologically and . Meta—regression
clinically similar — May not be feasible with small number of studies

e Consistency assumption — Over-specification

— Consistency between direct and indirect comparisons — Ecological bias
* Meta-regression

— Patient level meta-regression if data are available

— May be used to overcome violations of similarity and consistency
assumptions
— Reduces bias

— Can explain sources of heterogeneity

Jansen JP et al. Interpreting indirect treatment and network lysis for health decision making:

report of the ISPOR Task Force on Indirect Treatment Comparisons Good Research Practices: part 1. Value in .

Health 2011 Jansen JP et al. Value in Health 2011
Hoaglin DC et al. Conducting indirect- 0 It and network t: )

ysis studies: report of the ISPOR
Task Force on Indirect Treatment Comparisons Good Research Practices: part 2. Value in Health 2011
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When are Meta-Analysis and ITC Used in
the Context of HTA?

e Chapter benefit assessment of HTA report
— Usually, Cochrane-type meta-analysis

ISPOR Task Force on ITCs states:

“Hence, the objective is to use a model that sufficiently
fits the data (and reduces confounding bias) but that
provides stable parameter estimates. The choice of a — Increasing use of ITC, e.g. IQWIG (cave assumptions)
fixed- or random-effects meta-analysis model, with or e Chapter economic model of HTA report

without covariate interactions, can be made by comparing
different competing models regarding their goodness-of-
fit to the data.”

— Both types of metaanalyses

¢ Development of clinical guidelines

¢ Informing further research priorities (value-of-
information analysis)

e |TCs do not replace head-to-head RCTs, but may
have to be used as best available evidence

Jansen JP et al. Value in Health 2011
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* More about evidence synthesis? T
- HTADS Continuing Education Program Certified Courses
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