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Evidence synthesis as the key to more coherent and efficient research
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Alex Sutton has a long standing interest in methods for evidence synthesis. As well as co-authoring and co-editing books on meta-analysis and publication bias, he has contributed to numerous methodological and substantive papers in the field. Currently, much of his research time is devoted to the use of synthesis methods in decision making and the design of future studies.
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Improving generalization from research syntheses

Larry Hedges

Larry V. Hedges is the Board of Trustees Professor of Statistics and Policy Research in the School of Education and Social Policy at Northwestern University.  He was previously the Stella M. Rowley Distinguished Service Professor of Sociology, Psychology, and Public Policy Studies at the University of Chicago.  His research interests include the development of statistical methods for social research, the use of statistical concepts in social and cognitive theory, educational assessment, and educational policy analysis.  He is a fellow of the American Academy of Arts and Sciences, a member of the National Academy of Education, a Fellow of the American Statistical Association and the American Psychological Association.  He is the co-editor of the Journal of Research on Educational Effectiveness, was Editor of the Journal of Educational and Behavioral Statistics, Quantitative Methods Editor of Psychological Bulletin, and Associate Editor of the American Journal of Sociology.  He has served on numerous professional boards and panels including the technical advisory committees of both the International Association for the Evaluation of Educational Achievement (IEA) and the Organization of Economic Cooperation and Development’s Programme for International Student Assessment (PISA).  His books include Statistical Methods for Meta‑analysis (with Ingram Olkin) and The Handbook of Research Synthesis (with Harris Cooper).
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Harris Cooper received his Ph.D. in Social Psychology from the University of Connecticut in 1975. From 1977 to 2003, he was on the faculty at the University of Missouri. In 2003, he moved to Duke University where he is a professor in the Department of Psychology & Neuroscience and served as Director of the Program in Education from 2003 to 2008. He has been a Visiting Scholar at Stanford University, the University of Oregon, and the Russell Sage Founda​tion. 

Dr. Cooper's research interests follow two paths. The first concerns research synthesis and research methodology.  His book, Synthesizing Research: A Guide for Literature Reviews (1998), is in revision for its 4th edition. He is the co-editor of the Handbook of Research Synthe​sis (1994), a volume that is currently being prepared for a 2nd edition. 

Dr. Cooper is also interested in the application of social and developmental psychology to educational policy issues. In particular, he studies how the activities that children and adolescents engage in when they are not in school influence their academic achievement. His research synthesis titled Homework (1989) was published as a monograph and provided the evidence base for a guide to policy and practice (The Battle over Homework: Common Ground for Administrators, Teachers, and Parents, 3rd edition, 2007). 

Dr. Cooper served for six years (1999-2005) as the chair of the methods groups for the Campbell Collaboration and as their representative on the Campbell Collaboration International Steering Committee. His national service includes sitting on two committees on afterschool programs for the C.S. Mott Foundation and on the Steering Committee of the National Partnership for Quality Afterschool Programs. He also served on the Steering Committee for the Department of Education’s ERIC Clearinghouses. He was the Chair of the American Psychological Association’s Council of Editors in 2006, chair of its ad hoc Committee on Journal Article Reporting Standards, and is a member of its committee revising the APA Publication Manual. He is on the Steering Committee of the Society for Research on Educational Effectiveness and on the Governing Board of the Regional Educational Laboratory serving the Appalachian region. 

Among Dr. Cooper’s awards are: Outstanding Review of Research Award from the American Educational Research Association (2007), Frederick Mosteller Award for Contributions to Research Synthesis Methodology given by the International Campbell Collaboration (2007), the first Raymond B. Cattell Early Career Award for Programmatic Research from the American Educational Research Association (AERA), and the AERA Award for Interpretive Scholarship (1997).
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ABSTRACTS

Addressing between-study heterogeneity and inconsistency in mixed treatment comparisons: Application to stroke prevention treatments for Atrial Fibrillation patients                                                                                                                              NJ Cooper1, AJ Sutton1, AE Ades2, NJ Welton2. (1University of Leicester ; 2University of Bristol) 

Background:
Mixed treatment comparison (MTC) models extend meta-analysis methods to enable comparisons to be made between all relevant comparators in the clinical area of interest. In such modelling, it is imperative that potential sources of variability are explored to explain both heterogeneity (variation in treatment effects between trials with pairwise contrasts) and inconsistency (variation in treatment effects between pairwise contrasts) to ensure the validity of the analysis. In order to allow for heterogeneity in treatment effects, a random effect is commonly included in evidence synthesis models but this does not ensure inconsistency is addressed. Incorporation of study-level covariates allows systematic variability between trials to be explained which in turn can reduce both heterogeneity and inconsistency.
Objectives:
To extend the MTC framework to allow for the incorporation of study-level covariates in an attempt to explain between-study heterogeneity and reduce inconsistency. The models developed are applied to a 4-treatment network (consisting of 17 trials) for stroke prevention treatments in individuals with non-rheumatic Atrial Fibrillation.

Methods:
The MTC framework for binary outcomes outlined by Caldwell et al. (BMJ 2005) is extended to include covariate x treatment interactions. Model 1) assumes that all treatment x covariate interactions are different and unrelated by including a separate regression coefficient for each treatment in the network; Model 2) assumes that all treatment x covariate interactions are different for each treatment, but exchangeable; Model 3) assumes that all treatment x covariate interactions are identical implying the effect is the same regardless of treatment.

Results:
All 3 models are successfully applied to the 4-treatment network example with model 1) providing the best fit to the data. Note that, when the models are applied to the full 17-treatment network (consisting of 25 trials) the power to detect treatment by covariate interaction(s) is limited due to the scarcity of data, and only models 2) and 3) can be fitted.

Conclusions:
Here we have demonstrated the feasibility of incorporating covariates to explain between-study heterogeneity and reduce inconsistency; although thought needs to be given regarding the appropriate model for the data available.

Sensitivity of between-study heterogeneity in meta-analysis: Proposed metrics and empirical evaluation

Nikolaos A. Patsopoulos1, Evangelos Evangelou1, John P.A. Ioannidis1-3

1Clinical Trials and Evidence-Based Medicine Unit and Clinical and Molecular Epidemiology Unit, Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina 45110, Greece

2Institute for Clinical Research and Health Policy Studies, Tufts-New England Medical Center, Tufts University School of Medicine, Boston, MA 02111, USA

3Biomedical Research Institute, Foundation for Research and Technology-Hellas,    Ioannina 45110, Greece

Funding: N.A.P. and E.E. are funded by a PENED training grant from the European Union Social Fund and the Greek Ministry of Development, General Secretariat of Research and Technology

Conflicts of interest: none

Background:

Several approaches are available for evaluating heterogeneity in meta-analysis. Sensitivity analyses are often used, but these are often implemented in various non-standardized ways.

Objectives:

To develop algorithms that evaluate the change in between-study heterogeneity as one or more studies are excluded sequentially or in combination from the meta-analysis calculations.  To show how these algorithms can be routinely adopted in meta-analyses as standardized sensitivity analyses for heterogeneity.

Methods:

We developed and implemented sequential and combinatorial algorithms that evaluate the change in between-study heterogeneity as one or more studies are excluded from the calculations. The algorithms exclude studies aiming to achieve either the maximum or the minimum final I2 below a desired pre-set threshold.  We applied these algorithms in databases of meta-analyses of binary outcome and >=4 studies from Cochrane Database of Systematic Reviews (Issue 4, 2005, n=1011) and meta-analyses of genetic associations (n=50). Two I2 thresholds were used (50% and 25%). 

Results: 

Both algorithms have succeeded in achieving the pre-specified final I2 thresholds. Differences in the number of excluded studies varied from 0-6% depending on the database and the heterogeneity threshold, while it was common to exclude different specific studies. Among meta-analyses with initial I2>50%, in the large majority (19 [90.5%] and 208 [85.9%]) in genetic and Cochrane meta-analyses, respectively) exclusion of one or two studies sufficed to decrease I2 below 50%. Similarly, among meta-analyses with initial I2>25%, in most cases (16 [57.1%] and 382 [81.3%] respectively) exclusion of one or two studies suffice to decrease heterogeneity even below 25%. The number of excluded studies correlated modestly with initial estimated I2 (correlation coefficients 0.52-0.68 depending on algorithm used).  

Conclusions: 

The proposed algorithms can be routinely applied in meta-analyses as standardized sensitivity analyses for heterogeneity. Caution is needed evaluating post hoc which specific studies are responsible for the heterogeneity.

Uncertainty of heterogeneity in meta-analyses 

Nikolaos A. Patsopoulos1, Evangelos Evangelou1, John P.A. Ioannidis1-3

1Clinical Trials and Evidence-Based Medicine Unit and Clinical and Molecular Epidemiology Unit, Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina 45110, Greece

2Institute for Clinical Research and Health Policy Studies, Tufts-New England Medical Center, Tufts University School of Medicine, Boston, MA 02111, USA

3Biomedical Research Institute, Foundation for Research and Technology-Hellas,    Ioannina 45110, Greece

Funding: N.A.P. and E.E. are funded by a PENED training grant from the European Union Social Fund and the Greek Ministry of Development, General Secretariat of Research and Technology

Conflicts of interest: none

BACKGROUND:  An important aim of systematic reviews and meta-analysis is to understand the extent to which different studies on the same or different topic give similar or dissimilar results. While the reasons for clinical, methodological, and biologic heterogeneity may be topic-specific and need a multifaceted approach for their evaluation each time, statistical examination of heterogeneity may be possible to perform with the same methods in all meta-analyses.  Inferences about the clinical importance and generalisability of the results are often considerably affected from the presence or absence of statistical heterogeneity and its extent.  

OBJECTIVE:  To evaluate empirically the extent of uncertainty in I2 estimates.

METHODS:  We considered meta-analyses of the Cochrane Database of Systematic Reviews (Issue 4, 2005) with 4 or more synthesized studies and binary outcomes.  Eventually, we analysed 1,011 eligible meta-analyses.  The second dataset was a previously described database of 50 meta-analyses of gene-disease associations that had found a nominally statistically significant effect (p < 0.05) for proposed genetic risk factors. For each meta-analysis we calculated I2 and respective 95% confidence interval. Finally, we evaluated 11 systematic reviews that included randomized trials and that were published in BMJ between July 1, 2005 and January 1, 2006.

RESULTS:  The median (IQR) number of studies was 7 (5-11) and 20 (13-26), respectively and the median (IQR) total sample size was 1112 (512-2691) and 4660 (2823-8761), respectively for Cochrane and genetic meta-analyses.  The median (IQR) I2 was 21.1% (0%-49.7%) and 37.6% (4.6%-59.5%), respectively, in the two databases. Of the meta-analyses where the I2 is ≤25% (little heterogeneity), 83% (448/539) in the Cochrane and 73% (16/22) of the genetic risk factor meta-analyses have upper 95% confidence intervals that cross into the range of large heterogeneity (I2≥50%).  Of the meta-analyses where the I2 is ≥50% (large heterogeneity), 67% (168/249) in the Cochrane and 52% (11/21) of the genetic risk factor meta-analyses have lower 95% confidence intervals that cross into the range of little heterogeneity (I2≤25%). The uncertainty for the upper 95% confidence interval of I2 for the two large datasets limited to those meta-analyses that have I2=0% (n=373 Cochrane and n=12 genetic) is always larger than 33% in all these meta-analyses.  For 81% of the meta-analyses with I2=0%, the 95% confidence intervals extends to I2=50% and higher [81% (303/373) and 83% (10/12) in the two datasets]. Of the 11 reviews published in BMJ, 8 systematic reviews performed quantitative syntheses; one did not test for between-study heterogeneity at all.  I2 was measured for at least one data synthesis in 6 of them and all of them performed statistical significance-testing for heterogeneity, apparently using the Q statistic.  A total of eight statements were made trying to interpret heterogeneity in the text of these reviews and for 7 of them, sufficient information was provided that we could calculate the 95% confidence interval of I2.  The lower 95% confidence interval always went to as low as 0% (rounded to integer percentage) with one exception.  The upper 95% confidence interval always exceeded the 50% threshold and in 4/7 cases it also exceeded the 75% threshold.

CONCLUSIONS: Under the current research circumstances, in most meta-analyses, the presence of considerable between-study heterogeneity cannot be excluded with confidence.  This is an important lesson about the potentially ubiquitous presence of some between-study heterogeneity.  Claims for homogeneity may sometimes be stronger than the evidence allows and may lead to spurious certainty about the comparability of study results and the generalisability of treatment effects.

Research Synthesis in ecology: Special issues with generic solutions? 

Gavin Stewart

Development of an evidence-based framework in ecology has barriers  which may be recognised by other evidence-based disciplines but some  of the methodological challenges of systematic review may not be  commonly encountered in such extreme form. These include lack of  consensus regarding definitions of review parameters,  lack of  integrated search infra-structure, diverse variable quality primary  data sources, pseudoreplication, complex scaling and non-independence  issues. What solutions to these problems exist in other disciplines  and to what extent could further research in ecology inform research  synthesis generically? 

A Framework for Generalization in Meta-analysis

Betsy Jane Becker and Ariel M. Aloe

Florida State University

This presentation introduces a systematic approach to examining sources of heterogeneity in meta-analysis based on a framework originated by Cronbach (1982) and applied to meta-analysis by Becker (1996).  Our framework adds one more component to Cronbach’s (1982) UTOS framework: we add methods (M) to Cronbach’s units (U), treatments (T), observing operations (O), and setting (S).  We argue that considering each component of the framework as a source of potential variation gives a way to organize analyses of between studies differences. Our approach also allows the reviewer to clarify across which components the results of a meta-analysis can be generalized, versus where more contingent generalizations are needed. We examine the use of several measures of heterogeneity as indices to assist in making judgments about generalizability of results. We apply our approach to a synthesis of studies of the relationship of teacher content knowledge in science to student science-achievement outcomes (Becker & Aloe, 2008).

Inclusion and interpretation of less recent studies in meta-analyses of medical 

interventions: a survey

Nikolaos A. Patsopoulos1, John P.A. Ioannidis1-3

1Clinical Trials and Evidence-Based Medicine Unit and Clinical and Molecular Epidemiology Unit, Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina 45110, Greece

2Institute for Clinical Research and Health Policy Studies, Tufts-New England Medical Center, Tufts University School of Medicine, Boston, MA 02111, USA

3Biomedical Research Institute, Foundation for Research and Technology-Hellas,    Ioannina 45110, Greece

Funding: N.A.P. and E.E. are funded by a PENED training grant from the European Union Social Fund and the Greek Ministry of Development, General Secretariat of Research and Technology

Conflicts of interest: none

Background:

Evidence for medical interventions may derive from less recent data. This data influences the outcomes of systematic reviews, yet may not reflect current clinical practice. We assess the timeliness of data used in meta-analyses of medical interventions and whether authors consider this in their interpretation.

Methods:

We assessed a 10% random sample of systematic reviews in the Cochrane Database of Systematic Reviews (CDRS) (Issue 4, 2005), including one or more meta-analyses.  From this sample we focused on one meta-analysis per primary outcome, assessing the time since publication of the included trials, whether inferences changed if data were limited to trials published in the last decade, and whether implications of including less recent data were discussed.  We also assessed 22 meta-analyses published in high-impact medical journals in 2005.  

Results:

For 157 meta-analyses (n=1,149 trials), the median year of last literature search was 2003 (interquartile range [IQR], 2002-2004). Two thirds of meta-analyses (103/157, 66%) had no studies published between 2001-2005.  Forty-seven meta-analyses (30%) had no studies published in the last decade, and in another 16 (10%) the statistical significance of the summary effects would change if included    studies were limited to trials published in the last decade. Although, change of significance due to loss of power could not be excluded. Only 12 (8%) systematic reviews discussed potential implications of including less recent studies. Among the 22 meta-analyses considered in high-impact general medical journals, 2 had no studies published in 2001-2005, while 18 meta-analyses included at least one study published before 1996.  Only four meta-analyses discussed implications of including less recent studies. 

Conclusions:

 For many healthcare interventions evidence from very recent studies is scant. Systematic reviewers and clinicians should be sensitized to consider potential implications of including older evidence.

Persistence of Reservations and Contradicted Claims in the Literature

Athina Tatsioni, John P.A. Ioannidis

Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina, Greece

Synthesis of the research literature may be preformed for both quantitative and qualitative features.  Less attention has been given to developing methodology to evaluate systematically qualitative features in a body of evidence.  An important question is to understand the cumulative dynamics of the stance of citing papers towards other papers.  The talk will describe our experience with qualitative synthesis based on citation content analysis for articles that have referred to highly-cited articles of promising interventions that were subsequently refuted and contradicted by larger and or better designed studies. We analyzed with qualitative synthesis, citing articles that referred to landmark studies of vitamin E for cardiovascular disease prevention, beta carotone for cancer prevention and estrogen for dementia prevention. In these cases, influential non-randomized studies were subsequently refuted by large randomized studies. We also examined citing references to two large randomized trials, COURAGE (Clinical Outcomes Utilizing Revascularization and Aggressive Drug Evaluation) and OAT (Occluded Artery Trial) that had found no benefits of percutaneous coronary intervention versus optimal medical therapy in chronic stable coronary lesions and occluded coronaries despite prior beliefs suggesting benefits. We used syntheses of citation content analyses to evaluate the stance of the citing articles and the use of counterarguments against the refuting studies. We observed a persistence of the contradicted claims in the literature, and categorized a wide number of counterarguments raised to defend the contradicted beliefs of effectiveness. For example, for vitamin E, the proportion of unfavorable articles rose from 1.9% in 1997 to 33.9% in 2005, but it never became fully dominant despite the strong randomized evidence against vitamin E effectiveness. We also observed that 19% and 15% of citations to COURAGE and OAT, respectively, had a reserved stance and the strongest predictive factor for having reservations was having an interventional cardiologist as corresponding author (odds ratio 5.2). We conclude that a fraction of the literature is extremely recalcitrant and continues to support even conclusively contradicted claims, despite strong quantitative evidence to the contrary. Synthesis of these qualitative beliefs can allow probing the extent of biases over time. 

Quantification of effects of flaws in trial conduct on intervention effects and heterogeneity in meta-analyses

Jonathan Sterne and the BRANDO collaborators

Background: The development of guidelines for the conduct and reporting of randomised clinical trials (RCTs) has been based on empirical evidence on the extent to which methodological flaws in reported trial conduct can bias results. Such evidence is provided by meta-epidemiological studies based on collections of meta-analyses in which trial characteristics are assessed. Previous literature has focussed mainly on average effects rather on the extent to which methodological flaws increase heterogeneity. 

Methods: The BRANDO (Bias in Randomized and Observational Studies) study has combined data from 8 previous meta-epidemiological studies in a single database. Meta-analyses containing overlapping trials were identified and such overlaps were removed. Outcomes were recoded if necessary so that odds ratios <1 corresponded to beneficial effects of treatment. We used WinBUGS to fit models quantifying the effect of these methodological flaws, estimated as both average effects (ratios of odds ratios, ROR) and increases in between-trial heterogeneity variance (2). We also quantified between-meta-analysis heterogeneity in the average bias (2). We have previously shown that the larger the values of these variance parameters, the more that trials with flaws in their conduct should be downweighted in meta-analyses (Welton et al. JRSS A 2008, in press). We fitted separate models for meta-analyses with all-cause mortality and other outcomes, and objective and subjective outcomes.

Results: The BRANDO dataset contains 3495 trials from 365 meta-analyses, of which 2968 trials have usable 22 data. Of these, 1416 also have information on randomisation sequence (classified as inadequate/unclear or adequate), 2333 have information on allocation concealment (inadequate/unclear or adequate) and 2243 on blinding (not ‘double blind or ‘double blind’). The table below shows estimated effects of bias (comparing trials with and without flaws in their conduct) according to trial characteristic and type of outcome. On average, flaws in trial conduct exaggerate the beneficial effects of intervention (all RORs were less than 1).

	
	Outcome
	ROR (95% CI)
	2
	2
	Outcome
	ROR (95% CI)
	2
	2

	Rand. Seq.
	Mortality
	0.88 (0.71,1.09)
	.042
	.008
	Other
	0.85 (0.77,0.93)
	.024
	.004

	Alloc. Conc.
	Mortality
	0.99 (0.87,1.11)
	.030
	.003
	Other
	0.87 (0.81,0.95)
	.029
	.004

	Blinding
	Mortality
	0.91 (0.79,1.05)
	.028
	.007
	Other
	0.94 (0.80,1.11)
	.034
	.032

	Rand. Seq.
	Objective
	0.92 (0.80,1.02)
	.030
	.003
	Subjective
	0.64 (0.48,0.86)
	.051
	.012

	Alloc. Conc.
	Objective
	0.98 (0.89,1.09)
	.022
	.003
	Subjective
	0.93 (0.62,1.23)
	.063
	.023

	Blinding
	Objective
	0.96 (0.89,1.07)
	.025
	.005
	Subjective
	0.85 (0.50,1.69)
	.054
	.052


The average effects of inadequate/unclear generation of the randomisation sequence appeared greater in trials with subjectively assessed outcomes than those with objectively assessed outcomes. In general, the between-trial heterogeneity variance associated with flaws in the conduct of trials was greater than the between-meta-analysis variance. 

Conclusions: Flaws in reported trial conduct affect the results of trials through bias in average intervention effects and increase in heterogeneity.

The Relative Benefits of Meta-Analysis Using Individual Participant Data or Aggregated Data 

Harris Cooper, Duke University, USA


The relative benefits are described of conducting meta-analyses using (a) individual participant data (IPD) gathered from the constituent studies and (b) aggregated data (AD) or the group-level statistics (in particular, effect sizes) that appear in reports of a study’s results. Given that both IPD and AD are equally available, meta-analysis of IPD is superior to meta-analysis of AD. For example, IPD meta-analysis permits synthesists to perform subgroup analyses not conducted by the initial data collectors, check the data and analyses in the original studies, add new information to the data sets, and/or use statistical methods that may not be feasible with AD meta-analysis (e.g. time-to-event analyses). However, the cost of IPD meta-analysis and the lack of available individual participant data sets suggest that the best synthesis strategy currently is to use both approaches in a complementary fashion, such that the first step in conducting an IPD meta-analysis would be to conduct an AD meta-analysis. Further, regardless of whether a meta-analysis is conducted with IPD or AD, synthesists must remain vigilant in how they interpret their results. They must avoid ecological fallacies, Simpson’s Paradox, and interpreting synthesis-generated evidence as supporting causal inferences.
 
 
Mixed Treatment Comparison Meta-Analysis of Complex Interventions: Psychological Interventions in Coronary Heart Disease

NJ Welton, DM Caldwell, E Adamopoulos, K Vedhara

Meta-analyses of psychological interventions typically find a pooled effect of “psychological intervention” compared with usual care. This answers the research question “are psychological interventions in general effective?” In fact psychological interventions are usually complex with several different components. We propose that Mixed Treatment Comparison (MTC) meta-analysis methods may be a valuable tool when exploring the efficacy of interventions with different components and combinations of components, as this allows us to answer the research questions “are interventions with a particular component (or combination of components) effective?” We illustrate the methods using a meta-analysis of psychological interventions for patients with coronary heart disease (CHD) for a variety of outcomes. We carried out a systematic review to update an earlier Cochrane review and classified components of interventions into 6 types: usual care, education, behavioural, cognitive, relaxation, and support. Most interventions were a combination of these components. There was some evidence that psychological interventions were effective in reducing total cholesterol, and standardised mean anxiety scores, that interventions with behavioural components were effective in reducing the odds of all cause mortality and non-fatal MI, and that interventions with behavioural and/or cognitive components were associated with reduced standardised mean depression scores. 

Evaluation of the network geometry in multiple treatments meta-analysis

Georgia Salanti, Fotini K. Kavvoura, John P.A. Ioannidis

Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina 45110, Greece

F.K.K. is supported by a PENED fellowship grant from the European Commission and the General Secretariat for Research and Technology, Greece

In medical decision-making, meta-analysis of networks of trials that evaluate

the relative efficacy of a set of competing treatments for the same condition has become popular as the most realistic approach. Several treatment options exist for many conditions. Randomized trial evidence on the relative merits of various options may be missing or biased. We have developed ways to examine quantitatively the patterns of trial evidence (network geometry) and explain their implications for the interpretation of the existing evidence on a treatment's relative effectiveness.  To apply and exemplify these methods, we collected all published meta-analyses that address at least four treatments and accommodate indirect evidence to draw conclusions and we evaluated the structural characteristics of their networks.  We consider two dimensions of the geometry of a network; diversity, which measures the relative dominance of a treatment (or lack of it), and, the co-occurrence as a metric of selectiveness in the choice of the comparator in a trial. In a sample of eighteen networks involving 4-16 alternative treatments and 10-84 trials each, we found three star-shaped networks (where all treatments have been compared to a reference but not against each other). Among the fifteen remaining, we observed rather extensive diversity (in twelve networks) and limited co-occurrence (in three networks). Comparison choices sometimes seemed justified, such as when newer treatments were not compared with older ones already shown to be inferior, whereas other choices seemed to reflect preference bias.  We also show that networks evolve over time as new trials accumulate, and their geometry may change. We believe that evaluation of the geometry of a treatment network can offer valuable insights for the interpretation of total evidence when many treatment options are available.

Meta-analysis with zero cells

Ingram Olkin

Stanford University

For a clinical trial with binary endpoints there are a variety of effect measures that can be used, for example risk difference, risk ratio and odds ratio.  In contrast to continuous outcomes, there is no natural measure for the difference in treatment effects between both  groups.  Problems arise particularly if the event of interest is rare, leading to a high chance of zero events in a group.  Trials in which no event was observed in one or even both treatment groups are frequently encountered in systematic reviews and meta-analyses.  For trials with no events, neither risk ratio nor odds ratio are defined, wherefrom these trials are often excluded from the meta-analysis, at least if there are few of them.  But sometimes there are several trials showing no events, and these may be large trials.

There is another measure, the arcsin difference, which is rarely considered in the medical literature, though it has a history in the statistical literature.  This measure, has considerable promise, because (i) its variance does not strongly depend on the event probability, and (ii) it handles zeros naturally.

This talk provides a discussion of the pros and cons of using the arcsin difference as a measure of intervention effects.  Motivated by the recent meta-analysis of the risk of myocardial infarction and cardiovascular death under rosiglita zone treatment, we examine the statistical properties of the various metrics for settings with rare events.

Reasons or excuses for avoiding meta-analysis in forest plots

John P.A. Ioannidis, Nikolaos A. Patsopoulos, Hannah R. Rothstein

Clinical Trials and Evidence Based Medicine Unit, Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina, Greece and Department of Management, Zicklin School of Business, Baruch College, and Graduate Center, City University of New York, New York

N.A.P. is funded by a PENED training grant from the European Union Social Fund and the Greek Ministry of Development, General Secretariat of Research and Technology

Although meta-analysis, the quantitative synthesis of data from various studies, is a common feature of systematic reviews, some systematic reviews simply assemble the eligible studies without performing meta-analysis.  This may be a legitimate choice.  However, an interesting situation arises when reviews present forest plots (quantitative effects and uncertainty per study), but do not calculate a summary estimate.  We evaluated the reasons that have been given by researchers who avoid meta-analysis.  Of the 1739 systematic reviews that included at least one forest plot with ≥2 studies in the Cochrane Database of Systematic Reviews (CDSR, issue 4, 2005), 135 reviews had 559 forest plots with data on ≥2 studies but no summary estimate.  We examined in detail the reasons provided in support of avoiding meta-analysis in these reviews. These included (in parenthesis number of reviews; some cases had multiple reasons): Too high statistical heterogeneity (36), different interventions compared (41), different metrics or outcomes evaluated (25), different study designs (21), different study participants, settings (21), data with many counts per participant (5), too limited data (11), clinical heterogeneity (not otherwise specified) (9), synthesis considered inappropriate (not specified why)

(15), non-normality of data (1), no reason given (10), and artefact (3).  We found that systematic reviews where meta-analysis was avoided did not have necessarily higher I2 than those where synthesis was performed. We discuss the strength and limitations of possible methodological options that could have been applied to synthesize the data in these forest plots.  Adoption of these options should be considered. 

Should we stop using fixed-effect methods to test for subgroup effects?

Roger Harbord, University of Bristol, UK

Background

Meta-analysts and users of meta-analysis software often seek to explain between-study heterogeneity by splitting studies into subgroups. The usual initial question is whether there is statistical evidence that the effect size differs between subgroups, which calls for a statistical test for subgroup effects.

Objectives

(1) To outline the different methods available for testing for subgroup effects;

(2) To illustrate three methods using an example meta-analysis from the literature;

(3) To review theoretical and empirical evidence on the validity of these methods;

(4) To compare the availability of methods in some common software packages, and the recommendations of some standard textbooks

Results

(1) There are three main methods: (a) Fixed-methods based on an ANOVA-like partitioning of the heterogeneity statistic Q; (b) Random-effects (mixed-effects) meta-regression; (c) Bucher’s method for adjusted indirect comparisons, usually applied to two groups extendable to more.

(2) In the example, the fixed-effect method suggested evidence for a subgroup effect (p=0.014), while the other two methods did not (p>0.2).

(3) Both theoretical and empirical evidence shows that the fixed-effect method gives inflated Type I error rates whenever there remains unexplained (residual) between-study heterogeneity, even when the residual heterogeneity is not statistically significant

(4) Software packages vary in availability of the first two methods and in the default method if both are offered; none offered Bucher’s method. Recommendations in textbooks vary widely.

Conclusions

Tests for subgroup effects based on fixed-effect methods are often misleading and should not be used. Software for meta-analysis should reflect this.

Inference and Estimation Using Conditionally Random Models: A Monte Carlo Study

Jack L. Vevea, Martyna Citkowicz (University of California, Merced)

It has been argued that the choice of random- and mixed-effects models or fixed-effects models in meta-analysis should be made a priori based on the desired universe of generalization. Nevertheless, it is common practice to condition the choice on a heterogeneity test.  This typically follows a three-step process:  (1) fit a simple fixed-effects model, (2) attempt to explain heterogeneity using fixed-effects predictors, and (3) if significant heterogeneity remains, add a variance component (i.e., employ a mixed-effects model). 

We present a simulation study that investigates the prevalence of spurious findings when components of the explanatory model are tested in the context of a fixed-effects model. We find that the three-step process may result in seriously inflated Type I error rates when testing potential moderators that are in fact unrelated to effect size. Furthermore, we find that mixed-effects procedures are not severely underpowered under typical circumstances, and that estimates from mixed-effects models are superior with respect to bias and root mean squared error.

A second look at fixed- and random-effects models in meta-analysis: Does the fixed-effects model really assume homogeneous effect sizes?

Wolfgang Viechtbauer, Department of Methodology and Statistics, University of Maastricht, The Netherlands

Two general classes of statistical models for a meta-analysis have been described in the literature, namely the so-called fixed- and the random-effects model (e.g., Field, 2003, 2005; Hedges & Olkin, 1985; Hedges & Vevea, 1998; Hunter & Schmidt, 2000; National Research Council, 1992; Overton, 1998). Almost every description of these models states that the fixed-effects model assumes homogeneous true effect sizes, while the random-effects model assumes that the studies included in the meta-analysis are a selection from a larger population of studies with heterogeneous effect sizes. In fact, much has been written on the differences between these two models (e.g., Field, 2003, 2005; Hedges & Vevea, 1998; Hunter & Schmidt, 2000; National Research Council, 1992; Overton, 1998), with some author stating that the fixed-effects model often provides confidence intervals that are too narrow and therefore should never be used. Other authors (e.g., Hedges & Vevea, 1998) have suggested that fixed-effects models are appropriate for so-called "conditional inferences", while random-effects models are appropriate for "unconditional inferences".

The purpose of my talk will be to describe the differences between these two models in terms of their assumptions and the parameters that are actually estimated by each of these models. It turns out that the fixed-effects model does not assume homogeneous true effect sizes at all and provides confidence intervals with nominal coverage probabilities even when the effect sizes are heterogeneous – as long as we recognize which parameter the confidence interval is supposed to cover. However, in the presence of heterogeneity, all null hypotheses tested under a fixed-effects model can be rejected a priori as they cannot be true by definition. Researchers therefore need to rethink how they choose the model for a meta-analysis.

Sensitivity analysis for synthesis of observational studies accommodating credibility ceilings  

Georgia Salanti and John P.A. Ioannidis

Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina, Greece

Background Meta-analysis of observational studies is often the main or only source of evidence for many important questions. However, it is widely acknowledged that the results of such meta-analyses may often be spuriously precise and thus unreliable.

Methods We have developed a simple sensitivity analysis starting from the assumption that any single observational study cannot give us more than a maximum certainty c% (called credibility ceiling) that an effect is in a particular direction and not in the other.  Each study included in meta-analysis can be adjusted for different credibility ceilings c and the consistency of the conclusion examined.  

Results For illustrative purposes, we applied the method in three meta-analyses of observational studies that have found nominally statistically significant summary effects. These meta-analyses addressed mortality in teaching versus non-teaching healthcare; risk of non-Hodgkin’s lymphoma with hair dyes; and mortality with omega-3 fatty acids. The between-study heterogeneity I2 estimates dropped from a 36-72% without a ceiling effect to 0% with ceilings of 9%, 4%, and 4% in the three meta-analyses respectively. Nominal statistical significance was lost with ceilings of 10%, 8%, and 11%, respectively.  The likelihood ratios suggested that even with minimal ceiling effects, there was no strong support for the credibility of each of these three associations. 

Conclusions Consideration of credibility ceilings effects allows for conservative interpretation of observational evidence and can be applied routinely to meta-analyses of observational studies.

Case studies of the use of meta-analyses of drug safety questions in the regulatory setting

Jesse A. Berlin, ScD

Johnson & Johnson Pharmaceutical Research and Development

Meta-analysis is used to provide a quantitative summary of the results of multiple studies of the same clinical questions. Meta-analysis is often used to address questions about effectiveness of a therapeutic intervention, but it is in the safety arena that combining data across studies may be particularly useful, especially when suspected adverse events are uncommon. In that context, results of meta-analyses have figured prominently in numerous regulatory decisions related to safety. Examples will be presented to highlight methodologic considerations and challenges to interpretation of safety meta-analyses. An issue of particular interest is how to distinguish random variability in results across studies from ‘real’ effects that may be apparent only in particular sub-populations or clinical settings. 

Data Extraction Errors in Meta-analyses of Diagnostic Tests
Thomas Trikalinos, Mei Chung, Gowri Raman, Joseph Lau, Christopher Schmid
 
We scrutinized 378 papers included in 23 diagnostic test meta-analyses. The latter were randomly chosen from all identified in Medline through 2003. Numbers in the 2by2 tables of each study were extracted in duplicate and independently, and contrasted with those reported in the published meta-analyses. Letting aside discrepancies due to rounding errors, we could not replicate the result for at least one of the included studies in 18 meta-analyses. Discrepancies were due to obvious errors (i.e., the meta-analysis transposed the 2 by 2 tables on all studies), inconsistent application of eligibility criteria (i.e., exclusion of a subpopulation in only some of the studies), or secondary unclear reporting in the original papers. We discuss findings and the challenges we encountered. 


The Reliability and Validity of Data Extraction from Single Case Designs Using UnGraph®

William R. Shadish, Isabel C.C. Brasil, David A. Illingworth, Kristen D. White, Rodolfo Galindo (University of California, Merced); Eden D. Nagler and David M. Rindskopf 

(City University of New York, The Graduate Center)

Single-case designs typically present their raw data in the form of graphs—time series on an outcome measure over time, with treatment alternating with no treatment. Recently we have become interested in the meta-analysis of single-case designs. Such meta-analysis requires extracting data from those graphs. The present study investigates whether two different coders extract similar data from the same graphs (reliability), and whether the extracted data matches numerical descriptions of the graph that the original author may have presented in tables or text (validity). Coders extracted data using the UnGraph® computer program. Extraction proved highly reliable over several different kinds of analyses. Coders nearly always extracted identical numbers of data points; and the values they assigned to those data points were nearly identical. Extraction also proved highly valid, with means of extracted data correlating nearly perfectly with means reported in tables or text. These results suggest that researchers can use extracted data with a high degree of confidence that they are nearly identical to the original data.  

Assessment of Methods to Adjust for Publication Bias through a Comprehensive Simulation Study

Moreno SG 1, Sutton AJ 1, Ades AE 2, Stanley TD 3, Abrams KR1, Peters JL4, Cooper NJ 1 (1Dept of Health Sciences, University of Leicester, UK, 2Dept of Social Medicine, University of Bristol, UK, 3School of Mathematical Sciences, Queensland University of Technology, Australia, 4Dept of Economics, Hendrix College, USA)

Background:

Research into publication bias suggests that it is the ‘interest level’, or statistical significance, of findings, not study rigour or quality, that determines which research gets published and subsequently becomes available. Hence, a meta-analysis which only combines published studies, missing those that have not been published, is vulnerable to publication bias. The presence of publication bias in meta-analyses has the potential to cause misleading conclusions with potentially devastating consequences. Many methods exist for detecting publication bias, that frequently conclude that “caution must be exercised when interpreting the meta-analysis”, but this statement alone is deficient if results are going to be used within a decision making framework. 

Objectives:

What is required is a reliable way to adjust pooled estimates for publication bias. Here we present a comprehensive simulation study designed to assess a large number of previously described and novel adjustment methods in order to identify those with the most desirable statistical properties. 

Methods:

The methods under evaluation include different versions of the Trim and Fill algorithm and several regression-based methods, which are more commonly applied for detecting publication bias (rather than adjust for it). These regression methods include those proposed by Egger et al., and modified variants of this by Harbord et al. and Peters et al., as well as some less well known approaches. Moreover, more complex novel Bayesian semi-parametric regressions are implemented in the hope of improving on the performance of the simpler approaches.

Results:

Results are encouraging, with several of the regression methods displaying good performance profiles with no one consistently outperforming all others, but with some of the more common approaches being superseded by novel approaches.

. 

Conclusions:

Adjusting for PB seems promising and continuing validatory simulation studies are underway to further understand the properties of the latest Bayesian methods. In addition to presenting the results of the simulation studies, there will be a proposal for creating a consensus simulation framework in which future testing and adjustment methods can be evaluated. This should alleviate the previous problems of the methods being evaluated under different (and arguably favourable) simulation conditions. 

Empirical Study of Bayesian Methods for Meta-Analyses of Diagnostic Test Data Using a Large Database of Studies in the Medical Literature

Christopher H Schmid, PhD

Researchers apply a variety of statistical methods for meta-analysis of data from diagnostic test studies. Typically, each study provides a 2x2 table of true and false positives and negatives from which sensitivity and specificity are derived. Because of the bivariate structure of the data and the typically substantial between-study heterogeneity, Bayesian bivariate models are attractive. It has recently been shown that the bivariate normal model is equivalent to a special case of the hierarchical summary ROC (HSROC) model. We examine the performance of Bayesian forms of these models, contrasting them with simpler models of diagnostic odds ratios and univariate sensitivity and specificity in a large number meta-analyses of diagnostic tests from the medical literature. Special attention focuses on the effect of covariates in meta-regression models in attempting to understand the heterogeneity.
Evidence synthesis in the presence of unrecognised effect-modifiers: bias in meta-analysis and indirect treatment comparisons.

AE Ades, G Lu.  

Department of Community-Based Medicine, University of Bristol.

Background

Heterogeneity in meta-analysis is caused by the presence of effect-modifying covariates which are often unrecognised.

Methods

The paper takes the form of a series of quantitative ‘thought experiments’, where we imagine an evidence synthesis is being performed on a set of RCTs. Unknown to the investigators, however, a trial-level effect-modifying covariate is present in a proportion of trials. We assume that the target parameter is the pooled effect, such as would be obtained from a meta-analysis of very many trials. We ask ourselves: what is the distribution of bias with respect to the target parameter, and how does this depend on the number of trials in the meta-analysis ? We also consider whether the distribution of bias with indirect comparisons is the same as in standard pair-wise meta-analysis. 

Results

In the presence of an unrecognised effect-modifying covariate, even though the expectation of the effect of a single trial is equal to the target parameter, every single trial always misses the target parameter by 50% of the magnitude of the covariate x treatment interaction. As the number of trials in the meta-analysis increases, the magnitude of the absolute bias decreases. Typically, with the number of trials N = 4, the absolute bias is between 15% and 20% of the interaction effect.

Indirect comparisons allow the investigator to make inferences about the difference between, say, treatments B and C, based on AB and AC trials. A common situation is where B and C are both newer active treatments in the same class, while A is a placebo or standard treatment. In this case we might expect the effect-modifier to act on B and C in the same way. If so the bias due to unrecognised effect-modifiers is greater than in a standard pair-wise meta-analysis. But where the intention is to make inferences about an active vs standard AC, based on another similar active vs standard AB and BC, then the distribution of bias is the same as in pair-wise meta-analysis. 

Conclusions

The results explain why trials so often give the “wrong” answer, and they highlight the dangers of drawing conclusions from small numbers of trials where there is a risk of heterogeneity. Indirect comparisons can, in some circumstances, be more biased, though these circumstances are possibly less likely to generate strong effect-modifiers. Similar thought experiments can be conducted where instead of a ‘fixed’ effect- modifier, which threatens external validity, we have a random bias error generated by a recognised or unrecognised threat to internal validity.

Methodological issues in meta-analysis of genome-wide association studies

Eleftheria Zeggini, John P.A. Ioannidis

Wellcome Trust Centre for Human Genetics, University of Oxford and Department of Hygiene and Epidemiology, University of Ioannina School of Medicine

Genome-wide association (GWA) studies allow testing hundreds of thousands of genetic variants for the potential association with various diseases or other phenotypes of interest.  There is increasing interest in this technology and thousands of research teams have started working on such investigations worldwide.  Results derived from single GWA studies are typically then validated in additional GWA datasets and also in replication studies that target specific gene variants that have arisen as being hr potentially more interesting in the discovery phase. For many fields, there are many GWA studies and even more replication studies being conducted. Meta-analysis offers an ideal means to combine these data to arrive at robust conclusions.  The talk will present our experiences in applying meta-analytic methods in GWA investigations from various diseases, including type 2 diabetes, obesity, Parkinson’s disease, and osteoporosis.  We will focus on some key methodological issues, including making inferences in a prospective cumulative meta-analysis design with extreme multiple testing, frequentist versus Bayesian inferences, combination of data from different GWA platforms, issues of quality checks in the meta-analyzed genetic information, and testing and interpretation of between-study heterogeneity in combining large-scale genetic platforms.  

Evaluation of the potential excess of statistically significant findings in reported genetic association studies: application to Alzheimer’s disease

Fotini K. Kavvoura, Matthew McQueen, Muin J. Khoury, Rudolph E. Tanzi, Lars Bertram, John P.A. Ioannidis 

Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina, Greece; Institute for Behavioural Genetics, University of Colorado, Boulder, Colorado, USA; National Office of Public Health Genomics, Centers for Disease Control and Prevention, Atlanta, Georgia, USA; Genetics and Aging Research Unit, Department of Neurology, Massachusetts General Hospital, Charlestown, Massachusetts, USA

Funding: F.K.K. is funded by a PENED training grant from the European Union Social Fund and the Greek Ministry of Development, General Secretariat of Research and Technology

Background: Genetic epidemiology is a rapidly evolving field and the number of published studies is increasing geometrically. Many “significant” genetic associations are proposed, but several of them may represent false-positive results. As we have moved into large-scale testing of associations, understanding biases in statistically significant results is useful. 

Objective: We aimed to evaluate whether there is an excess of statistically significant results in genetic associations of Alzheimer’s disease (AD) reflecting either between-study heterogeneity or bias. 

Data sources: Published genetic association studies entered into the comprehensive AlzGene database (www.alzgene.org) until January 31, 2007.

Methods: We used the exploratory test proposed by Ioannidis and Trikalinos to examine whether there is an excess of significant results in the domain of Alzheimer’s disease genetic research. The number of observed studies with statistically significant (p = 0.05 threshold) results O was compared to their expected number E under different assumptions for the magnitude of the effect size. In the main analysis, the plausible effect size of each association was the summary effect in the respective meta-analysis.

Results: 1,348 studies included in 175 meta-analyses with 3 studies each were analyzed. Overall, 19 meta-analyses (all with eventually non-significant summary effects) had a documented excess of O over E: typically single studies had significant effects in opposite direction and early summary effects were dissipated over time. Across the whole domain, O=235 (17.4%), while E was 164.8 (12.2%) (p < 10-6). The excess showed predilection for meta-analyses with non-significant summary effects and between-study heterogeneity. The excess was seen for all levels of statistical significance and also for studies with borderline p-values (p = 0.05-0.10). 

Conclusions: The excess of significant findings may represent significance-chasing biases in a setting of massive testing.

Synopses of meta-analyses in genetic epidemiology

Fotini K. Kavvoura, John P.A. Ioannidis

Department of Hygiene and Epidemiology, University of Ioannina School of Medicine, Ioannina, Greece

Funding: F.K.K. is funded by a PENED training grant from the European Union Social Fund and the Greek Ministry of Development, General Secretariat of Research and Technology

The rapid increase in the amount of data on genetic associations creates an ongoing challenge to synthesize findings and to appraise the credibility of cumulative evidence on the relationship between human genome variation and common complex diseases. Single meta-analyses of one genetic variant at a time are becoming an extremely small fragment of information.  There is a need to develop encompassing synopses including all possible meta-analyses across specific fields. The talk will describe our experience in creating such quantitative synopses, summarizing all the field-related data from genetic association studies, including both candidate and genome-wide approaches.  We will present examples from the genetics of schizophrenia (all genes) and cancer (DNA repair genes).  The synopses depend on online databases of schizophrenia and related phenotypes (http://www.szgene.org ) and DNA repair genes and diverse human cancers (http://www.episat.org) (last update: April 2007 and August 2007, respectively).  We performed random effects meta-analyses on 118 genetic associations in schizophrenia and 240 (1087 datasets) in cancer.  We also graded the epidemiological strength of each association with criteria that assess amount of evidence, replication, and protection from bias. A total of 24 genetic variants in 16 different genes and 15 associations for 10 genes showed nominally significant effects in schizophrenia and various types of cancer, respectively. Among them, only 4 and 1 associations were graded as having “strong” credibility in schizophrenia and cancer, respectively.  Synopses offer a model to survey and appraise the current status and gap in evidence in various fields of genetic associations and complex diseases. This information is crucial not only to drive research in a specific field but also to translate its results into useful applications for health care and disease prevention.

Systematic review/meta-analysis in health/social/educational policy practice.

David Jones, University of Leicester, UK

Systematic Reviews in Practice

A special session led by David Jones, with contributions from Larry Hedges, and others.
Outline:

This session will consider experience in using systematic reviews and meta-analyses in governmental or equivalent reviews of policy/practice in health, social and educational contexts in the UK and US, and possibly Canada, Australia and elsewhere. 
There will be 4 elements:

a) David Jones will outline the UK National Institute for Health and Clinical Excellence (NICE) approach to evaluation of potential interventions and programmes in public health.

b) Larry Hedges will describe US experience with 'What works' syntheses for policy in non-health areas.

c) Other perspectives may be contributed by Cochrane and Campbell Collaboration members and those with experience of parallel systems in other countries.
d) An open discussion will ensue, perhaps focusing on selected issues such as:

· How are UK and US (and other) approaches different?

· Why are they different?  Do public health, social and educational policy contexts differ importantly?
· Are there protocols or guidelines for the approaches?
· How do the evidence base needs for decision making in these areas differ from those for hypothesis testing? 
· How successful are the approaches in achieving their intended aims?

· What next?  Can a general best approach, or useful cross-fertilisations, be identified??
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