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Introduction

+ Meta Analysis refers to the statistical synthesis of results from a series of

systematically reviewed studies addressing similar clinical questions

* | will refer in this talk to head-to-head Meta Analysis of randomised controlled
trials

* With the massive growth in number of Meta Analysis, increasing importance in
updated results: “how does this new trial change the overall result?”

» This talk introduces the concept of anchoring — an undesirable situation in
which, with certain methods, a previous pooled effect is impervious to change

with the advent of new trial evidence

4, The George Institute
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Models available (and their assumptions): the Fixed
Effect Model (FEM)

* We rely on the pooled (“weighted”) —*
effect, based on the assumption that W
each study is a near replication of a | {variability) e, *
single experiment . |
» Differences among study results are
due only to chance ——e
* A FEM would be appropriate if the i
objective is to determine whether the
treatment had an effect in the observed /

studies (i.e., a conditional inference) or Individual Study resul]
when it is believed that the true

. "
treatment effects in each study are the [ (true) Treatment Effect |
same Vi=u+e
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Models available (and their assumptions): the Random
Effects Model (REM)

* REM assumes that the observed
treatment effect for a study is a i
. . Random Error P
combination of a treatment effect (variability)
common to all studies plus a component = ! o
specific to that study alone 5

¢ REM also assumes that all studies are
randomly drawn from a pool of all

possible evidence
»  Common error to adopt REM in presence the study

of statistical heterogeneity (SH): J = \\\Eﬁ=
o Lack of SH does not preclude I P %w — oot \
heterogeneity
. L. | Mean Treatment Effect ‘
o Presence of SH does not confirm it is yi=pu+0 +e
uantitatively important i i i
q y p el'NN(O, Ui)
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FEM vs REM

« Both models have strong assumptions

+ The model choice depends on the objective of the analysis and knowledge of the
included studies

* FEM are commonly used when there are too few studies with which to estimate the
from the data alone

*  REM most commonly used because:
o Correctly, it reflects an extra source of potential variability
o Incorrectly, it is assumed to ‘take care’ of heterogeneity

* The most widely used REM is based on an estimator developed by DerSimonian and

Laird (DL) in mid-1980s. It is the standard (or only) method available in any software

OV The George Institute 6
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Which REM? Which 7?

» DL confidence intervals too narrow (high false positive rates) when few studies
and/or large between-study differences

» Hartung-Knapp and Sidik-Jonkman method (HKSJ) makes small sample size
adjustments to the variance estimates

o consistently better error rates than DL method
o many suggest it should be the standard for REM

* There are >15 methods to estimate T and >5 methods to estimate its
uncertainty with variability across difference software packages

* The imprecision in the estimates of t are not acknowledged in both FEM and REM

» Authors have advocated the routine use of prediction intervals to represent the
heterogeneity in the same metric of the intervention effect size measure, and to give
a range of values that can be expected in future settings

4, The George Institute

for Global Health

Why not go Bayesian?

» Bayesian random-effects models provide a better accounting of the uncertainty at
a cost of being slightly more computationally intensive

* We can incorporate external evidence on the treatment effects, t and their
relative uncertainty

» Usually the base-case scenarios are around the use of non-informative priors.
But vague priors can be informative in any case

» It’s generally agreed to use a non-informative prior on the treatment effect
(although we may like to employ historical priors as we accumulate further
evidence)

* ltis desirable to use informative prior distributions on t: there are various
“off-the-shelf” priors (see Turner et al., 2014) to better capture between-study
heterogeneity expected in various research settings

OV The George Institute
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Motivating example

* Meta Analysis on antihypertensive drugs in those aged >80 years (Gueyffier et al,
Lancet 1999)

« Comprising 7 (subgroup analysis) trials and 2,856 patients

* It showed statistically significant reduction of non-fatal events

...but borderline statistically significant adverse mortality results

.V The George Institute

for Global Health

Meta Analysis

Weights
Study Study Size (N) RR (95% CI) Fixed Random (DL) Random (HKSJ)
SHEP 1991 650 —— 0.93 (0.67, 1.30) 15.5% 155% 221%
SHPP 1989 85 462 (0.29, 74.67) 0.2% 02% 0.8%
SYST-EUR 1997 441 — 1.24(0.91,1.67) 18.6% 18.6% 237%
EWPHE 1987 155 — 1.17(0.99, 1.40) 56.0% 56.0% 31.1%
STOP 1991 235 _ 1.27(0.53,3.05) 22% 22% 6.5%
Hyvet Pilot 2003 1283 —a— 1.29(0.80,2.08) 74% T74% 15.4%
Coope 1986 7 1.29(0.03, 50.10) 0.1% 01% 0.4%

Heterogeneity:
1"2 = 0.0% (0.0%, 42.8%)
p=02801
Fixed effect 1.157 (1.016, 1.317) p =0.028
DerSimonian and Laird Random effect l 1.157 (1.016, 1.317) p =0.028
Tau = 0.000 (0.000, 0.2464) Prediction interval
Hartung-Knapp-Sidik-Jonkman Random effect ‘ 1.164 (0.910, 1.487) p =0.227

Tau = 0.206 (0.0451, 0.4513)  Prediction interval

o 05 1 15 2 25 3 35 4
Risk Ratio
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The follow-up story

* Then came HYVET trial with 3,845 patients aged >80 years (NEJM, 2008)

+ Statistically significant reduction in nonfatal events and mortality associated with

hypertensive treatment

The George Institute
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Meta Analysis with HYVET

Weights

Study Study Size (N) RR (95% CI) Fixed Random (DL) Random (HKSJ)
SHEP 1991 650 —— 093 (067, 1.30) 10.2% 15.6% 171%
SHPP 1989 85 462 (0.29,74.67) 0.1% 0.4% 0.7%
SYST-EUR 1997 441 —_— 124 (091,167) 122% 17.3% 18.2%
EWPHE 1987 155 — 117 (0.99, 1.40) 36.6% 27.0% 229%
STOP 1991 235 1.27(0.53,3.09) 1.4% 3.5% 55%
Hyvet Pilot 2003 1283 —— 1.29(0.80, 2.08) 48% 9.5% 12.4%
Coope 1986 7 1.29(0.03, 50.10) 0.1% 0.2% 0.4%
HYVET 3845 .' 0.83(0.69,099) 34.6% 266% 227%

Heterogeneity:

12 = 41.9% (0.0%, 743%)
p=0099

DerSimonian and Laird
Tau=0.142 (0.000, 0.341)

Hartung-Knapp-Sidik-Jonkman
Tau=0.231(0.000, 0.447)

Bayesian

Tau = 0.394 (0.060, 1.874)
Bayesian

Tau = 0.162 (0.038, 0.569)

Prediction interval
Random effect 1.078 (0.855, 1.359) p = 0.525

Prediction interval

Fixed effect 1.029 (0.926, 1.143) p = 0.593
Random effect 1.058 (0.892, 1.254) p = 0.519

Uniform prior < 1.082 (0.583,2.268) p(RR>1) = 0.639

Proper prior 1.092 (0.774,1.500) p(RR>1) = 0.729

T T T T T T T T 1
0 05 1 15 2 25 3 35 4
Risk Ratio
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What if HYVET was 10x bigger with 2x treatment effect?

Weights
RR (95% CI) Fixed (DL) (HKSJ)
0.93 (0.67, 1.30) 27% 17.2% 17.0%
462(0.29,74.67) 0.0% 1.2% 0.9%
1.24(0.91,1.67) 3.3% 17.7% 17.8%
1.17(0.99, 1.40) 9.8% 19.9% 211%
1.27(0.53, 3.05) 0.4% 8.0% 6.5%
1.29(0.80, 2.08) 1.3% 14.2% 13.2%
1.29(0.03, 50.10) 0.0% 0.7% 0.5%
0.68 (0.64,0.72) 82.4% 21.0% 23.0%

0.748 (0.709, 0.790) p < 0.0001
1.053 (0.770, 1.442) p=0.745

1.036 (0.796, 1.348) p=0.795

Study Study Size (N)
SHEP 1931 650 —
SHPP 1989 85
SYST-EUR 1997 441 —_—
EWPHE 1987 155 —_
STOP 1991 235 _—
Hyvet Pilot 2003 1283 ——
Coope 1986 7
HYVET - x10 twice Rx 38450 .
Heterogeneity:
I"2 = 87.4% (77.3%; 93.0%)
p<0.0001
Fixed effect ’
DerSimonian and Laird Random effect -
Tau = 0.348 (0.066, 0.490) Prediction interval
Hartung-Knapp-Sidik-Jonkman Random effect -
Tau=0.279 (0.111, 0.496) Prediction interval S
T T T T T T T T 1
o 05 1 15 2 25 3 35

Summary table

Prior to HYVET

With HYVET

With HYVET
(10x sample size)

With HYVET
(100x sample
size)
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1.16 (1.02; 1.32)

1.03 (0.93; 1.14)

35%

Risk Ratio

1.16 (1.02; 1.32)

1.06 (0.89; 1.25)

27%

1.16 (0.91; 1.49)

1.08 (0.86; 1.36)

0.87 (0.83; 0.92)

84%

1.06 (0.86; 1.32)

26%

1.07 (0.85; 1.34)

0.83 (0.82; 0.85)

98%

1.07 (0.86; 1.33)

26%

1.07 (0.85; 1.34)

23%

25%

25% O
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Final remarks

» Every model comes with assumptions

* Be careful with the standard approaches - FEM tends to over-react, REM tends

to remain anchored
* Do not rely on a single model, challenge the findings
* Do not neglect the between-study variance and its uncertainty

* Bayesian Meta Analysis is a flexible option but do not miss the opportunity to
employ adequate/informative priors (at least for t) to overcome the weaknesses
of FEM and REM (taken in isolation)

4, The George Institute
for Globl Heslth

Thank you!

.V The George Institute , —
for Global Health T =




