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Theoretical problems with small studies: estimation of within-
study variance

 Some empirical evidence relating to small studies
 Empirical problems of small studies: small study effects
* exclusion of small studies
e forest plots (including cumulative versions)
e funnel plots (including contour-enhanced versions)
* regression approaches
* alternative weighting approaches
 Some remarks on small meta-analyses
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EAke University of Models for binary data (including logistic
[ BRISTOL y data | g logl
regression)

* All the methods in RevMan are two-stage methods
e obtain an estimate of treatment effect from each study
* compute a weighted average of these estimates

* An alternative is a one-stage method

* usually this requires individual participant data
 but we can create this for dichotomous outcomes
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L] BRISTOL IPD from a 2x2 table
Person Study Group Dead
Study 1 (n, people) 1 1 0 0 ||
Alive Dead 2 1 0 -
Treatment rt, ft, 1 0
Control rcy fe, 1 :
1 - Tt
1 0 _
1 0 | |
1 1 -
1 0 _
: -
1 : : -~ fc,
n, 1 1 1 _
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Logistic regression

With individual participant data, we can use the methods we use
to analyse a single study

* except that we don’t have participant-level characteristics

In particular we can use logistic regression
* but we can’t adjust for things like age, sex, severity

A fixed-effect meta-analysis can be done using logistic regression,
stratifying by study (a dummy variable for each study)

A random-effects meta-analysis can be done using random-
effects logistic regression (megrlogit, previously xtmelogit)

* see Simmonds and Higgins, Statistical Methods in Medical Research
(early view online)
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Vé University of Stata: meta-analysis using random-effects
BRISTOL Y & o .
logistic regression

 With data in variables study, rt ,nt, rc, nc

reshape long n r, i(author) j(trt) string

gen treat =0

replace treat=1 if trt=="t"

xi: meqrlogit s i.study i.treat || study: treat, nocons binomial(n)
* For out example (haloperidol) variables are author, rh, fh, rp, fp
gen nh = rh+fh

gen np = rp+fp

reshape long n r, i(author) j(trt) string

gentreat=0

replace treat=1 if trt=="h"

xi: meqrlogit r i.author i.treat || author: treat, nocons hinomial(n)
7 oristol.ac.uk
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Comparison of methods

Method for Meta-analysis result .
Method for tau ! : Estimate of t2
confidence interval (95% Cl)
n/a

Fixed-effect analysis OR =2.85(1.99, 4.10)
DerSimonian-Laird Z (normal) OR =4.20(2.42, 7.30) 0.48
DerSimonian-Laird Hartung-Knapp (t) OR =4.20(2.31, 7.64) N

Paule-Mandel
N Z (normal) OR = 4.14 (2.40, 7.13) 0.45
(empirical Bayes)

Paule-Mandel |
. Hartung-Knapp (t) OR=4.14 (2.30, 7.45)
(empirical Bayes)

REML Z (normal) OR =4.38 (2.44, 7.86) 0.60
REML Hartung-Knapp (t) OR =4.38 (2.33, 8.24)
Profile likelihood Z (normal) OR =4.25 (2.39, 8.82) 0.51

Random-effects
.. . OR=4.72(2.61, 8.53) 0.25
logistic regression
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n|ay :
& BRISTOL What about continuous data?

* For the individual study results, we should be using t-
distributions for the confidence intervals

 Butl don’t know of discussions of adjustment to weights in meta-
analysis to account for small study issues
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BMJ 2013;346:f2304 doi: 10.1136/bm|.f2304 (Published 24 April 2013) Page 1 0of 5 “ Tre a t m e n t effe Ct
estimates were significantly

RESEARCH larger in smaller trials,
regardless of sample size.”

Influence of trial sample size on treatment effect
estimates: meta-epidemiological study

Comparison No (%) of No (%) of randomised Ratio of odds Ratio of odds i
Adnes meta-analyses controlled trials ratios (95% Cl) ratios (95% Cl)
Isg;bell included in included in
directc analysis (n=93) analysis (n=735)
Quarters (Q) within meta-analyses

"INSERM
paris,Fra Q1 v Q2-4 88 (95%)* 711 (97%) —r— 0.77 (0.65t00.91) 0.11
University

QlandQ2vQ3and Q4 93 (100%) 735 (100%) - 0.81(0.74t00.88) 0.02
Abstrac Q1-3 v Q4 92 (99%)t 722 (98%) - 0.85(0.79t00.90) 0.00
Objective
:;:;:S; Fixed thresholds across meta-analyses (based on no of patients)
patasoul <50 v =50 52 (56%) 417 (57%) —— 0.56 (0.45t0 0.70) 0.00
el <100 12100 72 (77%) 602 (82%) - 0.74 (0.65 10 0.85)  0.00
g:f:‘e’z: €200 v2200 67 (72%) 598 (81%) - 0.76 (0.68 10 0.85)  0.02
fromeadh (500 v 2500 43 (46%) 434 (59%) —e 0.81 (0.74 10 0.89) 0.00
Data syni
samp\evsw. <1000 v=1000 28 (30%) 301 (41%) - 0.82(0.76t0 0.90) 0.00
with 25% ¢
and using 0.3 0.5 1.0 2.0 4.0

patients).

eeween ¢ Fjg 2 Comparison of treatment effect estimates between trial sample sizes grouped by quarters (from quarter 1 with the

ratios (wh

nsmaier SMallest trials, to quarter 4 with the largest trials) and by fixed thresholds (according to numbers of patients). All 93
resuts T Mmeta-analyses did not contribute to the analysis, depending on the threshold used (at least one trial with a sample size less
w2 and more than the threshold within each meta-analysis was required to perform these analyses). *Five meta-analyses did

the larges

valsinac NO contribute to the analysis (three included fewer than four trials; for two trials, the meta-regression model did not converge,

20850 therefore, the ratio of odds ratios could not be obtained). TOne meta-analysis did not contribute to the analysis (the
oss).sm meta-regression model did not converge, therefore, the ratio of odds ratios could not be obtained)

estimates R ;
patients or more, treatment effects were, on average, 48% larger in trials
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The Impact of Study Size on Meta-analyses: Examination
of Underpowered Studies in Cochrane Reviews

Rebecca M. Turner”‘, Sheila M. Bird1, Julian P. T. Higginsz'3

1 MRC Biostatistics Unit, Institute of Public Health, Cambridge, United Kingdom, 2 School of Social and Community Medicine, University of Bristol, Bristol, United Kingdom,
3 Centre for Reviews and Dissemination, University of York, York, United Kingdom

Abstract

Background: Most meta-analyses include data from one or more small studies that, individually, do not have power to
detect an intervention effect. The relative influence of adequately powered and underpowered studies in published meta-
analyses has not previously been explored. We examine the distribution of power available in studies within meta-analyses
published in Cochrane reviews, and investigate the impact of underpowered studies on meta-analysis results.

Methods and Findings: For 14,886 meta-analyses of binary outcomes from 1,991 Cochrane reviews, we calculated power
per study within each meta-analysis. We defined adequate power as =50% power to detect a 30% relative risk reduction. In
a subset of 1,107 meta-analyses including 5 or more studies with at least two adequately powered and at least one
underpowered, results were compared with and without underpowered studies. In 10,492 (70%) of 14,886 meta-analyses, all
included studies were underpowered; only 2,588 (17%) included at least two adequately powered studies. 34% of the meta-
analyses themselves were adequately powered. The median of summary relative risks was 0.75 across all meta-analyses
(inter-quartile range 0.55 to 0.89). In the subset examined, odds ratios in underpowered studies were 15% lower (95% Cl
11% to 18%, P<<0.0001) than in adequately powered studies, in meta-analyses of controlled pharmacological trials; and 12%
lower (95% Cl 7% to 17%, P<<0.0001) in meta-analyses of controlled non-pharmacological trials. The standard error of the
intervention effect increased by a median of 11% (inter-quartile range —1% to 35%) when underpowered studies were
omitted; and between-study heterogeneity tended to decrease.

Conclusions: When at least two adequately powered studies are available in meta-analyses reported by Cochrane reviews,
underpowered studies often contribute little information, and could be left out if a rapid review of the evidence is required.
However, underpowered studies made up the entirety of the evidence in most Cochrane reviews.
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Small study effects in meta-analyses of osteoarthritis trials:

meta-epidemiological study

Eveline Niesch, research fellow,* Sven Trelle, associate director,™* Stephan Reichenbach, senior research
fellow,? Anne W S Rutjes, senior research fellow, Beatrice Tschannen, research fellow,’ Douglas G Altman,
director and professor of statistics in medicine,” Matthias Egger, head of department and professor of
epidemiology and public health," Peter Jiini, head of division and professor of clinical epidemiology"?

ABSTRACT

Objective To examine the presence and extent of small
study effects in clinical osteoarthritis research.

Design Meta-epidemiological study.

Data sources 13 meta-analyses including 153
randomised trials (41 605 patients) that compared
therapeutic interventions with placebo or non-
intervention control in patients with osteoarthritis of the
hip or knee and used patients’ reported pain as an
outcome.

Methods We compared estimated benefits of treatment
between large trials (at least 100 patients per arm) and
small trials, explored funnel plots supplemented with
lines of predicted effects and contours of significance,
and used three approaches to estimate treatment effects:
meta-analyses including all trials irrespective of sample
size, meta-analyses restricted to large trials, and
treatment effects predicted for large trials.

Results On average, treatment effects were more
beneficial in small than in large trials (difference in effect
sizes -0.21, 95% confidence interval —0.34 to -0.08,
P=0.001). Depending on criteria used, six to eight funnel
plots indicated small study effects. In six of 13 meta-
analyses, the overall pooled estimate suggested a
clinically relevant, significant benefit of treatment,
whereas analyses restricted to large trials and predicted
effects in large trials yielded smaller non-significant
estimates.

Conclusions Small study effects can often distort results
of meta-analyses. The influence of small trials on
estimated treatment effects should be routinely
assessed.

selecting patients and implementing the experimental
intervention.” The funnel plot is a scatter plot of
treatment effects against standard error as a measure
of statistical precision.”'® Imprecision of estimated
treatment effects will increase as the sample size of
component trials decreases. Thus, in the absence of
small study effects, results from small trials with large
standard errors will scatter widely at the bottom of a
funnel plot while the spread narrows with increasing
sample size and the plot will resemble a symmetrical
inverted funnel. Conversely, if small study effects are
present, funnel plots will be asymmetrical.® The plot
can be enhanced by lines of the predicted treatment
effect from meta-regression with the standard error as
explanatory variable! ' and contours that divide the
plot into areas of significance and non-significance."* '*
A recent study of trials of anti-depressants'® found that
these approaches increased the understanding of the
interplay of several biases associated with small sample
size, including publication bias, selective reporting of
outcomes, and inadequate methods and analysis."*
Small study effects are not uncommon in osteoar-
thritis research; several recent meta-analyses found
pronounced asymmetry of funnel plots.'™"* We pre-
viously studied the influence of methodological char-
acteristics on estimated effects in a set of clinical
osteoarthritis trials that used pain outcomes reported
by patients and found that deficiencies in concealment
of random allocation, blinding of patients, and ana-
lyses can distort the results in these trials.”** Different
components of inadequate trial methods often concur.
A trial with adequate allocation concealment, for

bristol.ac.uk
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Bias and small-study effects influence treatment effect estimates:
a meta-epidemiological study in oral medicine

Spyridon N. Papageorgiou™”*, Georgios N. Antonoglou’, Elli Tsiranidou®, Sgren Jepsen,
Andreas Jager™*
 Department of Orthodontics, School of Dentistry, University of Bonn, Welschnonnenstr. 17, 53111, Bonn, Germany
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Department of Periodontology and Geriatric Dentistry, Institute of Dentistry, University of Oulu, Medical Campus, Aapistie 3A,
PO 5281, 90014, Oulu, Finland
*Medical Research Methodology, Medical School, Aristotle University, PO 17034, 54210, Thessaloniki, Greece
‘Department of Periodontology, Operative and Preventive Dentistry, School of Dentistry, University of Bonn, Welschnonnenstr. 17,
53111, Bonn, Germany

Accepted 4 April 2014; Published online 21 May 2014

Abstract

Objectives: To examine the influence of the following study characteristics on their study effect estimates: (1) indexing in MEDLINE,
(2) language, and (3) design. For randomized trials, (4) trial size and (5) unequal randomization were also assessed.

Study Design and Setting: The CAtegorical Dental and Maxillofacial Outcome Syntheses meta-epidemiologic study was conducted.
Eight databases/registers were searched up to September 2012 for meta-analyses of binary outcomes with at least five studies in the field of
dental and maxillofacial medicine. The previously mentioned five study characteristics were investigated. The ratio of odds ratios (ROR)
according to each characteristic was calculated with random-effects meta-regression and then pooled across meta-analyses.

Results: A total of 281 meta-analyses were identified and used to assess the influence of the following factors: non-MEDLINE indexing
vs. MEDLINE indexing (n = 78; ROR, 1.12; 95% confidence interval [CI]: 1.05, 1.19; P = 0.001), language (n = 61; P = 0.546), design
(n = 24; P = 0.576), small trials (<200 patients) vs. large trials (=200 patients) (n = 80; ROR, 0.92; 95% CI: 0.87, 0.98; P = 0.009) and
unequal randomization (n = 36; P = 0.828).

Conclusion: Studies indexed in MEDLINE might present greater effects than non-indexed ones. Small randomized trials might present
greater effects than large ones. © 2014 Elsevier Inc. All rights reserved.

Keywords: Dentistry; Meta-analysis; Systematic review; Effect size; Meta-epidemiologic study; systematic error
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c CRITICAL CARE

RESEARCH Open Access

Small studies may overestimate the effect sizes in
critical care meta-analyses: a meta-
epidemiological study

Zhongheng Zhang, Xiao Xu and Hongying Ni

Abstract

Introduction: Small-study effects refer to the fact that trials with limited sample sizes are more likely to report
larger beneficial effects than large trials. However, this has never been investigated in critical care medicine. Thus,
the present study aimed to examine the presence and extent of small-study effects in critical care medicine.

Methods: Critical care meta-analyses involving randomized controlled trials and reported mortality as an outcome
measure were considered eligible for the study. Component trials were classified as large (=100 patients per arm)
and small (<100 patients per arm) according to their sample sizes. Ratio of odds ratio (ROR) was calculated for
each meta-analysis and then RORs were combined using a meta-analytic approach. ROR<1 indicated larger
beneficial effect in small trials. Small and large trials were compared in methodological qualities including
sequence generating, blinding, allocation concealment, intention to treat and sample size calculation.

Results: A total of 27 critical care meta-analyses involving 317 trials were included. Of them, five meta-analyses
showed statistically significant RORs <1, and other meta-analyses did not reach a statistical significance. Qverall, the
pooled ROR was 0.60 (95% Cl: 0.53 to 0.68); the heterogeneity was moderate with an I> of 50.3% (chi-squared =
52.30; P = 0.002). Large trials showed significantly better reporting quality than small trials in terms of sequence

generating, allocation concealment, blinding, intention to treat, sample size calculation and incomplete follow-up
data.

Conclusions: Small trials are more likely to report larger beneficial effects than large trials in critical care medicine,
which could be partly explained by the lower methodological quality in small trials. Caution should be practiced in
the interpretation of meta-analyses involving small trials.
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Publication Bias & Small-study Effects in Pediatric

Dentistry Meta-analyses

Spyridon N. Papageorgiou™" ", Dionysia Dimitraki®, Trilby Coolidge®, and

Nikolaos Kotsanos

“Department of Orthodontics, School of Dentistry, University of Bonn, Bonn, Germany
"Department of Oral Technology, School of Dentistry, University of Bonn, Bonn, Germany

“Clinical Research Unit 208, University of Bonn, Bonn, Germany

“Department of Paediatric Dentistry, School of Dentistry, Aristotle University of Thessaloniki,

Thessaloniki, Greece

“Department of Oral Health Sciences, School of Dentistry, University of Washington, Seattle,

WA, USA

Abstract

Objectives: The aim of this study was to examine the presence and extent of
publication bias and small-study effects in meta-analyses (MAs) investigating
pediatric dentistry-related subjects.

Methods: Following a literature search, 46 MAs including 882 studies were
analyzed qualitatively. Of these, 39 provided enough data to be re-analyzed.
Publication bias was assessed with the following methods: contour-
enhanced funnel plots, Begg and Mazumdar’s rank correlation and Egger’s
linear regression tests, Rosenthal’s failsafe N, and Duval and Tweedie’s “trim
and fill” procedure.

Results: Only a few MAs adequately assessed the existence and effect of pub-
lication bias. Inspection of the funnel plots indicated asymmetry, which was
confirmed by Begg—Mazumdar’s test in 18% and by Egger’s test in 33% of the
MAs. According to Rosenthal’s criterion, 80% of the MAs were robust, while
adjusted effects with unpublished studies differed from little to great from the
unadjusted ones. Pooling of the Egger’s intercepts indicated that evidence of
asymmetry was found in the pediatric dental literature, which was accentuated
in dental journals and in diagnostic MAs. Since indications of small-study effects
and publication bias in pediatric dentistry were found, the influence of small or
missing trials on estimated treatment effects should be routinely assessed in
future MAs.
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Small studies are more heterogeneous than large ones:
a meta-meta-analysis
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Accepted 27 March 2015; Published online 2 April 2015

Epidemiology

Abstract

Objectives: Between-study heterogeneity plays an important role in random-effects models for meta-analysis. Most clinical trials are
small, and small trials are often associated with larger effect sizes. We empirically evaluated whether there is also a relationship between
trial size and heterogeneity (7).

Study Design and Setting: We selected the first meta-analysis per intervention review of the Cochrane Database of Systematic Re-
views Issues 2009—2013 with a dichotomous (n = 2,009) or continuous (n = 1,254) outcome. The association between estimated 7
and trial size was evaluated across meta-analyses using regression and within meta-analyses using a Bayesian approach. Small trials were
predefined as those having standard errors (SEs) over 0.2 standardized effects.

Results: Most meta-analyses were based on few (median 4) trials. Within the same meta-analysis, the small study ng was larger than
the large-study T[_z [average ratio 2.11; 95% credible interval (1.05, 3.87) for dichotomous and 3.11 (2.00, 4.78) for continuous meta-
analyses]. The imprecision of 7g was larger than of 7r: median SE 0.39 vs. 0.20 for dichotomous and 0.22 vs. (.13 for continuous
small-study and large-study meta-analyses.

Conclusion: Heterogeneity between small studies is larger than between larger studies. The large imprecision with which 7 is estimated
in a typical small-studies’ meta-analysis is another reason for concern, and sensitivity analyses are recommended. © 2015 Elsevier Inc.
All rights reserved.

Keywords: Randomized controlled trial; Meta-analysis; Between-study heterogeneity; Random-effects model; Trial size; Cochrane Database of systematic
reviews (CDSR)
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How systematic reviews
cause research waste

In the Lancet Series on Research,
lain Chalmers and colleagues’
argue that waste could be avoided
if all research was preceded by a
systematic assessment of the existing
evidence. We agree in principle,
but contend that many systematic
reviews, by including small unreliable
trials, increase waste by promoting
underpowered trials.

Efforts by Cochrane and others to
locate all trials have meant that many
low-quality, single-centre trials, often
with inaccuracies, are easily accessible.
Most meta-analyses are dominated
by such trials. The median number of
trials in Cochrane reviews is six to 16,
and the median number of patients
per trial is about 80.% Inclusion of
such trials in meta-analyses results in
inflated treatment effects.’ Small trials
are prone to publication and other
selection biases, are often low quality,
and, because single-centre trials
have less oversight than multicentre
trials, they are more susceptible
to misconduct.

Systematic reviews of small trials
increase waste by advertising to the
scientific community inflated, often
significant treatment effects that

small, single-centre trials should
raise concerns about the value for
money provided by reviews. More
than 10 years ago, UK National
Institute for Health Research-funded
research® questioned the value
of time-consuming and costly
searches to identify trials in the grey
literature and foreign language
databases in view of the low quality
of the identified trials. Even for
trials in established databases,
the poor quality of small trials and
the unreliability of their reporting
does not warrant the rigour with
which their results are extracted,
synthesised, rated, and graded.
However, despite evidence showing
that meta-analyses of small trials
are unreliable, the systematic review
community, including Cochrane, does
reviews much as it did 20 years ago.
Quality is assessed, but everything
that purports to be a randomised trial
is included.

Chalmers and Glasziou® estimate
that around 85% of investment in
health research is wasted. However,
the negative emotions provoked by
such losses can lead to an escalation
of commitment that only worsens
the loss—known as the sunk cost
fallacy. Attempts by the systematic
review community to extract valid

“Systematic reviews of small trials
increase waste by advertising to the
scientific community inflated, often
significant treatment effects that
become smaller or absent when
large, high-quality trials are done”

“To ignore results from small trials
and postulate plausible treatment
effects that would be clinically

worthwhile would be preferable.”

Roberts and Kerr, Lancet 2015
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Study Sample size

OR (95% Cl)

Marder 128

Arvanitis 101

Beasley 81

Bechelli 59

Vichaiya 58 '
Garry 50 _'._
Nishikawa ‘84 47 =
Chouinard 43 —
Reschke 40 —il—
Durost 34 =
Howard 30 T
Selman 29 &
Serafetinides 27 =
Borison 24 =
Spencer 24 ¢
Simpson 23 =
Nishikawa ‘82 20 =

I | I |
.01 1 1 10 100

Cumulative forest plots

OR (95% Cl)

1.51 (0.68, 3.35)
1.83 (0.83, 4.07)
1.13 (0.46, 2.78)
9.88 (1.97, 49.6)
27.34 (1.51, 496)
2.04 (0.51, 8.12)
13.21 (0.72, 242)
5.76 (1.30, 25.5)
10.00 (1.79, 56.0)
19.25 (2.08, 178)
2.96 (0.60, 14.7)
9.71 (0.9, 103.0)
11.57 (0.56, 240)
9.21 (0.42, 201)
121.0 (6.7, 2188)
2.59(0.11, 61.1)
3.32(0.12, 91.6)

Clinical trials of haloperidol for schizophrenia
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Sequential considerations

Cumulative meta-analyses are not an inferential tool
* Repeated testing - False positive findings
* Sequential methods are available to control type | error

* Indeed, sequential methods offer one way to address small
studies

* Prevents early declarations of statistical significance based on
the initial (potentially small) studies

20 oristol.ac.uk
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Funnel plot

Standard error
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Box 1: Possible sources of asymmetry in funnel plots (adapted from Egger et al’)

Reporting biases

» Publication bias:
Delayed publication (also known as time lag or pipeline) bias

Location biases (eg, language bias, citation bias, multiple publication bias)
+ Selective outcome reporting

+ Selective analysis reporting

Poor methodological quality leading to spuriously inflated effects in smaller studies
« Poor methodological design
- Inadequate analysis

« Fraud

True heterogeneity

« Size of effect differs according to study size (eg, because of differences in the intensity of interventions or in underlying
risk between studies of different sizes)

Artefactual

+ In some circumstances, sampling variation can lead to an association between the intervention effect and its standard
error

Chance

« Asymmetry may occur by chance, which motivates the use of asymmetry tests

Sterne et al (2011) bristol.ac.uk
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Moreno et al (2012)
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IE

Magnesium trials

Estimates with 95% confidence intervals

Study

Morton
Rasmussen
Smith
Abraham
Feldstedt
Shechter 1990
Ceremuzynski
LIMIT-2
Bertschat
Singh

Pereira

Golf
Thogersen
Shechter 1995
ISIS-4

MAGIC

Fixed effect
Random effects

IV magnesium for

—r— acute Ml (mortality)

1.01 (0.97,1.07)
0.76 (0.62,0.92) (0.47,1.22)

0.01

[ . .
0.1 10 Riskratio

=
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study effects (1)

Henmi and Copas (2010) propose to use the fixed-effect point
estimate but with variance that acknowledges heterogeneity.

* Given y_NN(e.’Gg)
0, ~ N(u,rz)

* then for any choice of w, (constants), u is unbiasedly estimated by

. D oy,
=S,
Zoo (G + 1 )
(Xo)

35 oristol.ac.uk

 with standard error

Var




Bl Universityof  Meta-analyses that are more robust to small

Akd B L
QEIBRISTO study effects (2)
1 Var( Zm (o7 +7°)
* Choosing weights  ®, =— (Xo)
cTi
* gives usual fixed-effect estimate, with variance 241 j

G4
Var(f1) = ’
1
zj

 Henmi and Copas derive a confidence interval that accounts for
uncertainty in t (see their paper for R code)

* We could naively plug in estimates of Tt and o;

* Doi’s IVhet meta-analysis is the same, but he uses the naive plug-

In variance
36 oristol.ac.uk
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Some remarks on small meta-analyses

bristol.ac.uk



Elic University of

BRISTOL
Small meta-analyses

 When heterogeneity is present, random-effects meta-analysis
may be appropriate

BUT
e Estimation of heterogeneity is difficult in small meta-analyses

* A descriptive analysis of Cochrane systematic reviews found that
75% of meta-analyses contained 5 or fewer studies (Davey et al.,
2011)

* A Bayesian approach is very useful in small meta-analyses:

* Allowance for all sources of uncertainty
* |ncorporation of external evidence

38 oristol.ac.uk
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 We want to learn about some unknown quantities
(e.g. odds ratio, mean difference, heterogeneity variance)

I — —

(Likelihood)

* A natural approach for accumulating data
oristol.ac.uk
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Prior Likelihood Posterior

L= =\

1 =A==

40 oristol.ac.uk
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The idea

* Analyse lots of previous meta-analyses and look at how much
heterogeneity there was

* Produce off-the-shelf predictive distributions for different types
of meta-analyses

 These can be used as prior distributions for heterogeneity
variance in new meta-analyses

42 oristol.ac.uk
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Bayesian meta-analyses are computationally complex

e Usually done with simulation methods (Markov chain Monte
Carlo) using WinBUGS or OpenBUGS

* An exciting recent development (Kirsty Implementing informative priors for
Rhodes et al, submitted) allows us to S
use informative prior distributions in Stata ...

 We make up some fake studies and
analyse them alongside the real data

* We use the fake studies to learn about the heterogeneity
variance (but they don’t contribute to treatment effect)

44 oristol.ac.uk
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Fake studies to reflect some prior
distributions for heterogeneity variance

Pharmacological vs
Placebo/ Control

Pharmacological vs
Pharmacological

Non-Pharmacological

(Any)

All-cause mortality

IG(1.06,0.01)

Unobserved data:
2 studies with
effects yg = 0.100

1G(2.93,0.00003)

Unobserved data:
6 studies with
effects yo = 0.003

1G(0.80,0.007)

Unobserved data:
2 studies with
effects yg = 0.084

Semi-objective

1G(1.32,0.08)

Unobserved data:
3 studies with
effects yg = 0.231

1G(1.04,0.04)

Unobserved data:
2 studies with
effects yo = 0.200

1G(0.88,0.05)

Unobserved data:
2 studies with
effects yo = 0.224

Subjective

1G(1.45,0.18)

Unobserved data:
3 studies with
effects yg = 0.346

TG(1.13,0.00)

Unobserved data:
2 studies with
effects yo = 0.300

1G(1.39,0.13)

Unobserved data:
3 studies with
effects yo = 0.294

#estol.ac.uk
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Stata

 We'll use the prior for subjective outcomes, pharmacol vs control

e 3 studies with InOR =0.346 and very small standard error

14 serafetinides
15 simpson
16 spencer
17 Vichaiya
18 fake

local new = N+l

set obs " new’

replace author = "fake" in new’
gen real=1

replace real=0 if author == "fake"

replace 1nOR=0.346 if real
replace se 1nOR=1E-10 if real
expand 3 if real==

1972
1967
1992
1971

4
2
11
9

10
14

1
20

= o o O

=R ==

13

7
11
29

13
14
10
12

=

How many studies?

Create new study

Label as ‘fake’

Dummy: real (1) vs fake (0)

Compute InOR for fake
... and very small SE
Make it 3 fake studies

metareg 1lnOR real, wsse(se_ 1lnOR) reml z noconst eform

46

Regress on fake; no intercept
oristol.ac.uk
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Method for
Method for tau
confidence interval

Results for haloperidol

Meta-analysis result
(95% Cl)

Fixed-effect analysis

DerSimonian-Laird

DerSimonian-Laird
Paule-Mandel
(empirical Bayes)
Paule-Mandel
(empirical Bayes)
REML

REML

Profile likelihood
Random-effects
logistic regression
Bayesian analysis
with prior

Z (normal)

Hartung-Knapp (t)

Z (normal)

Hartung-Knapp (t)

Z (normal)

Hartung-Knapp (t)

Z (normal)

47

OR = 2.85 (1.99, 4.10)
OR =4.20 (2.42, 7.30)
OR = 4.20 (2.31, 7.64)

OR =4.14 (2.40, 7.13)

OR = 4.14 (2.30, 7.45)

OR = 4.38 (2.44, 7.86)
OR = 4.38 (2.33, 8.24)
OR = 4.25 (2.39, 8.82)

OR = 4.72 (2.61, 8.53)

OR =3.79(2.32, 6.18)

Estimate of t2
n/a

0.48

0.51

0.25

0.27

bristol.ac.uk
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Concluding remarks

 Small studies pose problems

 They may have larger effect sizes (on average), which may be due
to

e within-study bias
e reporting bias

* heterogeneity

* chance

* In principle it’s more important to focus on bias than to
implement differential policies for smaller and larger studies

e although | recognize this is difficult in practice

 Randome-effects logistic regression is available, and is probably
the method we should always be using for binary data

48 oristol.ac.uk
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