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Special Communication

Issues in Comparisons Between
Meta-analyses and Large Trials
John P. A. Ioannidis, MD; Joseph C. Cappelleri, PhD, MPH; Joseph Lau, MD

Context.— The extent of concordance between meta-analyses and large trials
on the same topic has been investigated with different protocols. Inconsistent con-
clusions created confusion regarding the validity of these major tools of clinical evi-
dence.

Objective.— To evaluate protocols comparing meta-analyses and large trials in
order to understand if and why they disagree on the concordance of these 2 clini-
cal research methods.

Design.— Systematic comparison of protocol designs, study selection, defini-
tions of agreement, analysis methods, and reported discrepancies between large
trials and meta-analyses.

Results.— More discrepancies were claimed when large trials were selected
from influential journals (which may prefer trials disagreeing with prior evidence)
than from already performed meta-analyses (which may target homogeneous tri-
als) and when both primary and secondary (rather than only primary) end points
were considered. Depending on how agreement was defined, kappa coefficients
varied from 0.22 (low agreement) to 0.72 (excellent agreement). The correlation of
treatment effects between large trials and meta-analyses varied from −0.12 to 0.76,
but was more similar (0.50-0.76) when only primary end points were considered.
When both the magnitude and uncertainty of treatment effects were considered,
large trials disagreed with meta-analyses 10% to 23% of the time. Discrepancies
were attributed to different disease risks, variable protocols, quality, and publication
bias.

Conclusions.— Comparisons of large trials with meta-analyses may reach dif-
ferent conclusions depending on how trials and meta-analyses are selected and
how end points and agreement are defined. Scrutiny of these 2 major research
methods can enhance our appreciation of both for guiding medical practice.

JAMA. 1998;279:1089-1093

META-ANALYSES have gained popu-
larity in medicine recently as a tool for
summarizingevidencetohelpmakemedi-
caldecisions.1 Untilnow,large,singleran-
domized, controlled trials have tradition-
ally been considered the “gold standard”
for the evaluation of medical technology
and interventions, but on most medical
questions it has been possible to perform
only relatively small trials. Yet, do the re-
sultsofmeta-analysesofsmalltrialsagree
with the results of large trials? Can meta-
analyses validly substitute large trials?
These questionsare importanttoanswer,

to evaluate the utility of meta-analyses in
clinical practice, and to understand the
frequency and sources of discrepancies
between meta-analyses and large trials.
Such discrepancies have created contro-
versy over the relative merits of both re-
search methods2-5 and uncertainty about
what evidence clinicians can rely on to
make decisions.

Three different groups of investigators
recently addressed these issues system-
atically using different protocols for se-
lecting studiesandcomparingthe2meth-
ods.6-8 Seemingly discordant conclusions
led to further controversy.9-11 Villar et al6

reported moderate agreement, beyond
chance, between meta-analyses and large
trials. Cappelleri et al7 concluded that the
2 methods usually agree, and plausible
reasons may be found for most discrepan-
cies. Finally, LeLorier et al8 concluded
that a meta-analysis fails to predict accu-
rately the results of a subsequent large
trial 35% of the time. In this communica-
tion, we evaluate systematically these in-

vestigations, so as to better understand
their differences beyond the potential of
emphasis on preconceived opinions, and
to identify common themes in the com-
parison of meta-analyses with large trials
that would enhance the medical commu-
nity’sappreciationofbothresearchmeth-
ods for informing clinical practice.

DESIGN OF PROTOCOLS
TO COMPARE META-ANALYSES
WITH LARGE STUDIES
Selection of Studies

Theselectionofmeta-analysesandlarge
trials varied substantially in the 3 proto-
cols (Table 1). The Villar and Cappelleri
protocols selected published meta-
analyseswhereat least1 largetrialwas in-
cluded, and compared the large trial(s)
against the remaining smaller trials. The
LeLorierprotocolidentifiedlargetrialsand
thensearchedMEDLINEtoidentifypub-
lishedrelevantmeta-analyses.Theformer
approach, where large trials had already
beencombinedwithsmallertrials inmeta-
analyses,mightselectformorelimitedhet-
erogeneity since formal pooling in meta-
analyses may be avoided when large
heterogeneity is discerned. The advan-
tage of selecting previously performed
meta-analyses is that the comparability
of large and small studies has already
been judged by meta-analysts, while the
LeLorierprotocolhadtosubjectivelyjudge
that meta-analyses and subsequent trials
had addressed comparable questions.

Villar used the Pregnancy and Child-
birth Module of the Cochrane database.12

This is the most systematically reviewed
discipline inmedicinetodate.Thus, there
was probably no selection bias against
medical questions where the accumu-
lated evidence had not been subjected to
meta-analysis. However, generalizing to
other disciplines where meta-analyses
are performed more sporadically is not
ensured. Cappelleri used an expanded
version of the same database and added
MEDLINE-indexedmeta-analyses.This
increased generalizability, but may have
selected more homogeneous questions
where meta-analyses were deemed ap-
propriate.Finally,theclinicaldomainsad-
dressedbyLeLoriercomprisedasetwith
binary outcomes (a subset of the Cappel-
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leriprotocol)andonewithcontinuousout-
comes, and all large trials were identified
from 4 influential medical journals. The
selection of large trials from these jour-
nals may increase the frequency of dis-
crepancies, if given their limited space,
such journals are more likely to publish
trials whose results contradict prior evi-
dence and change clinical practice rather
than trials that simply confirm and repli-
cate prior knowledge.13

These potential selection biases
should be seen in the context of the large
universe of controlled evidence (Figure
1). For the majority of clinical problems,
large trials with 1000 or more patients
are never performed. This is often due to

limitations of resources, but also be-
cause, in many cases, the evidence from
small trials is considered conclusive and
reliable enough for practical purposes.14

Large trials are typically conducted and
published later than smaller pilots.
Large trials are more likely to be
launched either when the prior evidence
is inconclusive or when there are strong
reasons to doubt the reliability and gen-
eralizability of the prior evidence. Large
trials may also recruit selected patient
populations, dominated by patient sub-
groups where prior evidence is more in-
conclusive. From this aspect, all proto-
cols probably selected some clinical situ-
ations where large trials had a greater

than average chance of disagreeing with
the significance of prior evidence.

The Villar and the Cappelleri proto-
cols addressed only 1 primary end point
in each large trial and meta-analysis pair.
LeLorier considered both primary and
secondary end points. The latter ap-
proach increases the breadth of compari-
sons. However, for secondary end points,
even large trials are often underpow-
ered. In some comparisons, the second-
ary end points pertained only to a sub-
group of patients (eg, acute myocardial
infarction treated with streptokinase af-
ter different time intervals). In others,
such as pulmonary embolism after ma-
jor surgery, secondary events would be
too uncommon to show a significant dif-
ference between arms unless extremely
large trials (mega-trials) were under-
taken.

Definition of Large Trial
Twoapproachesfordefiningalargetrial

wereused.All3protocolsusedarulebased
on sample size, with 1000 patients or more
qualifying as a large trial. Cappelleri also
used a second approach based on statisti-
calpowerwhereatrial is large if,giventhe
proportion of the event of interest in the
control group of smaller trials, it has 80%
power to detect the treatment effect sug-
gested by smaller trials (a=.05). The Vil-
lar and the LeLorier protocols allowed for
only 1 large trial. Cappelleri allowed for
multiplelargetrialsiftheysatisfiedthecor-
responding definition.

The sample size rule is convenient and
simple,butdoesnotcaptureimportanttrial
elements such as the event rates, follow-
up, and complexity of design and execu-
tion. A trial of 1000 patients with 1:1 ran-
domization has approximately 80% power
(a=.05) to detect a reduction in the fre-
quencyoftheoutcomeofinterestfrom10%

All Clinical Trials
(Several Hundred Thousands Performed to Date)

Trials Included in
Meta-analyses

Tend to Be:

(Villar, Cappelleri
Protocols)

Trials Published in
Influential Journals

Tend to Be:

(LeLorier Protocol)

Trials Replicating
and/or Confirming
Prior Evidence and
Inconclusive Trials

Small Trials
(The Vast Majority

in Most Disciplines)

Trial Findings Trial Size

Trials Changing Practice
by New Evidence or by
Refuting Prior Evidence

Early Large Trials
(Launched When
Resources Are

Available)

Late Large Trials
(Likely to Launch If

Early Evidence Is Not
Convincing but Getting
an Answer Is Crucial)

Figure 1.—Randomized controlled evidence seen in the context of trial findings and trial sample size and
the effect of these factors on the selection of trials for meta-analyses (used for identifying large trials in the
Villar protocol6 and the Cappelleri protocol7) and for publication in influential journals (used for identifying
large trials in the LeLorier protocol8).

Table 1.—Design of Protocols Comparing Meta-analyses With Large Trials

Characteristic

Protocols

Villar et al 6 Cappelleri et al 7 Cappelleri et al 7 LeLorier et al 8

Database(s) of large trials, y Cochrane childbirth and
pregnancy module, 1993

Cochrane childbirth and
pregnancy module,
1994; MEDLINE, 1995

Cochrane childbirth and
pregnancy module,
1994; MEDLINE, 1995

New England Journal of Medi-
cine; JAMA; Annals of Inter-
nal Medicine; Lancet; 1994

Outcomes of trials Binary Binary Binary Binary or continuous

Large trials, n 30 178 175 12

Comparisons of large trials with meta-
analyses, n

30 79 61 40

End points addressed Primary Primary Primary Primary and secondary

Definition of large trial $1000 Patients $1000 Patients $80% Power .1000 Patients

Large trials per comparison 1* All trials qualifying as large All trials qualifying as large 1†

Large trials already included in meta-
analyses

Yes Yes Yes No

Large trials last or next-to-last published
among studies

21/30 . . .‡ . . .‡ 12/12

Large trial(s) had fewer patients than all
small studies combined

19/30 27/79§ 16/61 6/12

*The largest trial.
†The latest trial but not necessarily the largest.
‡Data not applicable because there could be several large trials considered in the Cappelleri protocol.
§In 13 comparisons (not included in the 27), all the large trials combined had more patients than the smaller trials combined, but the largest trial had fewer patients than all

the smaller trials combined.
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to 5%. Nevertheless, a 1000-patient study
may still be grossly underpowered if the
event studied is uncommon or the treat-
ment effect is small, but still clinically
meaningful to detect. For example, cardi-
ologists often seek reductions of the 30-
day mortality rate after myocardial in-
farction from 7% to 6%. Moreover, large
trialsmostoftenareunderpoweredforsec-
ondary end points and subgroup analy-
ses. Power in large trials may further be
eroded from missing data, losses to follow-
up,15,16 and null bias,17 which is the seren-
dipitous use of experimental treatment in
the control group. Null bias is more com-
mon in simple design large trials18 than in
smaller trials with rigid definitions of the
experimental conditions.17 Large treat-
ment effects observed in small, selective
trials may shrink when the same thera-
pies are used in community settings.

Even more sophisticated power-based
approaches do not account for problem-
specific peculiarities in the design and ex-
ecution of a study. Studies on the same
problem may require largely different
levels of intensity of effort for their con-
duct. The power approach also tends to
select meta-analyses where small studies
have large treatment effects and high
event rates, since under such circum-
stances, a trial would qualify as large with
fewer patients. The effect of this selection
shift in the frequency of observed dis-
agreements is uncertain. Finally, neither
definitionofalargetrialcapturesthequal-
ity of the trial’s design and execution.

The caveats mentioned above high-
light the difficulty of separating large
and small trials. The situation is even
more problematic because a meta-analy-
sis often includes several large trials and
the gold standard large trial(s) have
fewer patients than the meta-analysis of
small trials (Table 1).

MEASURES OF AGREEMENT
BETWEEN META-ANALYSES AND
LARGE TRIALS

Agreementbetweenmeta-analysesand
large trials may be assessed either on the
level of nominal statistical significance or
on the magnitude of the treatment effect.

One approach assumes the most impor-
tantaspectoftheresultsofatrialorameta-
analysis iswhetherthePvalue is less than
or greater than .05. Simply put, the treat-
menteitherworksor itdoesnotwork.The
second approach focuses on the magni-
tude of the treatment effect. For ex-
ample, an odds ratio (OR) of 0.78 (confi-
dence interval [CI], 0.42-1.45; P=.43) and
an OR of 0.78 (CI, 0.64-0.95; P=.01) would
be considered discordant with the former
approach; with the latter approach, re-
sults differing in precision, but agreeing
in point estimates, are concordant.19-21

Agreement in Level
of Statistical Significance

Villar used 3 categories: agreement,
when large trials and meta-analyses
agreedinthedirectionofthetreatmentef-
fectandbothweresignificantorbothwere
nonsignificant; partial agreement, when
the 2 methods agreed in the direction of
thetreatmenteffect,butnot in levelofsig-
nificance; and disagreement, when the 2
methods showed treatment effects in op-
posite directions. LeLorier merged par-
tial disagreements with disagreements.

The classification scheme affects the es-
timated overall concordance. An explicit
classification could use 3 classes: signifi-
cant in favorof theexperimentalarm,non-
significant, and significant against the ex-
perimentalarm.Themiddlecategorycould
also be split in two, depending on whether
the direction is in favor of or against the
experimental arm. The level of agree-
ment, above and beyond chance, between
variables in a classification table may be
evaluatedwithakappacoefficient,22 which
may either consider partial agreement
(weighted kappa) or count only perfect
agreements(unweightedkappa).23,24 Table
2 shows the estimated predictive perfor-
mance and kappa coefficients for the dif-
ferent protocols when different classifica-
tions are used. Estimates of kappa range
widely from 0.22 to 0.72 and 95% CIs ex-
tend from no agreement (-0.06) to excel-
lent agreement (0.93). Unweighted kappa
coefficients underestimate weighted ones
where finer levels of disagreement are al-
lowed. This is not surprising since, even

when meta-analyses disagreed with large
trials in direction of effect, in no case was
statistical significance claimed in oppo-
sitedirections.Notably, theLeLorierpro-
tocol shows lower kappa values com-
pared with the other 2 protocols, probably
because of differences in study and end-
point selection.

Correlation of Treatment Effects
Standardizedcorrelationcoefficientsbe-

tween the magnitude of the treatment ef-
fect (how much the treatment works) in
large trials and in meta-analyses have the
advantage of avoiding the subjective clas-
sification of significance, agreement, and
disagreement. The disadvantage is that
they do not provide a clinical impression
of the extent of agreement, but are based
on an overall estimate of the treatment ef-
fects across diverse clinical problems. A
20% risk reduction may be highly impor-
tant in one disease setting, but unimpor-
tant (or counteracted by drug toxicity) for
a different disease or different outcome.

We estimated the Pearson correlation
coefficient for the data presented in the
Villar protocol as 0.76 (P,.001), which co-
incides with the estimates obtained in the
Cappelleri protocol (r=0.75, P,.001 for
both the size and power approach). Thus,
these protocols would suggest that large
treatment benefits in large trials cluster
with large treatment benefits found in re-
spective meta-analyses, while small or no
benefits in large trials are accompanied
by a similar lack of efficacy in respective
meta-analyses. In stark contrast (Figure
2), there was no correlation in the
LeLorier protocol (r=−0.12, P=.5). The
lack of correlation may be due to journal
selection or to consideration of secondary
endpoints.Whenonly1primaryendpoint
was considered for each comparison, the
estimated correlation in the LeLorier
protocol became r=0.50 (P=.07).

Significance of the Difference in the
Standardized Treatment Effects

The LeLorierandCappelleriprotocols
usedstatistical tests tocomparethestan-
dardized treatment effect (such as the
logarithm of OR or risk ratio) in large tri-

Table 2.—Estimates of Agreement Between Large Trials and Meta-analyses When Dichotomous Outcomes Are Used*

Protocol
Large Trial Definition
(Estimate of Effects)

232
Classification,†

Kappa (CI) Sensitivity Specificity

Positive
Predictive

Value

Negative
Predictive

Value

333
Classification,‡

Weighted Kappa (CI)

434
Classification,§

Weighted Kappa (CI)

Cappelleri et al7 Sample size (fixed) 0.48 (0.29-0.68) 0.68 0.79 0.73 0.76 0.52 (0.34-0.70) 0.56 (0.39-0.73)

Cappelleri et al7 Sample size (random) 0.42 (0.21-0.62) 0.64 0.77 0.64 0.77 0.46 (0.27-0.66) 0.59 (0.44-0.75)

Cappelleri et al7 Power (fixed) 0.43 (0.17-0.69) 0.98 0.37 0.81 0.86 0.67 (0.45-0.90) 0.69 (0.46-0.92)

Cappelleri et al7 Power (random) 0.27 (0.02-0.52) 0.85 0.41 0.72 0.60 0.53 (0.27-0.78) 0.61 (0.36-0.86)

Villar et al6 Sample size (fixed) 0.65 (0.37-0.93) 0.81 0.84 0.75 0.89 0.62 (0.37-0.87) 0.72 (0.58-0.87)

LeLorier et al8 Sample size (fixed) 0.35 (0.06-0.64) 0.65 0.70 0.68 0.67 0.35 (0.06-0.64) 0.22 (−0.06-0.51)

*The weighted kappa considers also partial agreement between the 2 methods; the unweighted kappa considers only full agreement. Kappa coefficients and their 95% confidence
intervals (CIs) are obtained by StatXact.23

†Categories in 232 classification: significant in favor of experimental arm and nonsignificant.
‡Categories in 333 classification: significant in favor of experimental arm, nonsignificant, and significant in favor of control.
§Categories in 434 classification: significant in favor of the experimental arm, nonsignificant trend in favor of experimental arm, nonsignificant trend in favor of control, and significant

in favor of control.
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als with that of meta-analyses. This ap-
proach has the advantage of allowing
both the magnitude of the treatment ef-
fect and the uncertainty around it to be
taken into consideration. It is the stan-
dard method for comparing independent
estimates for the same outcome,25 even if
less attractive for people accustomed to
making decisions on a dichotomous basis
(the treatment works or not), rather than
on the basis of treatment effects and CIs
(how much it works and in what range).
Whenthisapproachisused,theestimates
of discrepancies that are beyond chance
are fairly consistent: 12% in LeLorier,
10% and 18% in Cappelleri (when large
trials are defined by size or power, re-
spectively), and 23% in Villar (as com-
pared to 5% expected by chance alone).

Fixed and Random Effects and
Variable Metrics

Anotherissueishowthepoolingoftrial
results is performed in the meta-analysis
and, when several large trials are avail-
able,amonglargetrials.Fixedeffectsare
more likely than random effects to reach
formal statistical significance.26 Some
meta-analyses reach formal statistical
significance by fixed effects, but not by
random effects; the converse is rare.2 De-
pending on whether the corresponding
large trials have significant or nonsignifi-
cant results, there may be fewer or more
discrepanciesbyfixedeffectsratherthan

by random effects when agreement be-
tween large trials and meta-analyses is
judged on the level of statistical signifi-
cance (P,.05 or P..05). When agree-
ment is based on whether the estimates
are different beyond chance given their
CIs, then disagreements tend to increase
when fixed-effects calculations are used
since they have more narrow CIs than
random effects.

The importance of the method of as-
sessing disagreements was illustrated in
the Cappelleri protocol, where disagree-
mentsweredoublewithfixed-vsrandom-
effects calculations (the Villar and the
LeLorier protocols presented fixed ef-
fects estimates). Finally, different treat-
ment effect metrics were used in the dif-
ferent protocols (OR and risk ratio), but it
is unlikely this would have affected the
findings. The relative merits of the OR vs
the risk ratio have been extensively de-
bated,butforpracticalpurposes,theiruse
isequallyappropriateinmostsituations.27

Clinical Agreement and
Disagreement

No protocol can offer a summary per-
spective of the clinical importance of all
disagreements, since this is largely sub-
jective, even if most important, to as-
sess. In each different medical question
where largetrialsandmeta-analysesare
in disagreement, clinicians should try to
exercise their critical abilities in assess-

ingthepotentialofharmandmissedben-
efit from misleading or diverging data.
There is no statistical rule that can re-
place such common sense in evaluating
discrepant information.28,29

EXPLANATION OF
DISAGREEMENTS

All protocols discussed reasons for
disagreement including heterogeneity
of treatment effects, quality differences,
and publication bias. Cappelleri investi-
gated the 15 observed disagreements
and identified potential reasons, includ-
ing differences in the risk of the disease
(control rate [n=5]), protocol differences
and quality issues (n=4), and potential
publication bias (n=1). No protocol in-
vestigated differences in control rate,
publication bias, and study design in
comparisons where meta-analyses and
large trials agreed. Several other cave-
ats must be considered.

Control Rate
The control rate in a clinical trial, ie, the

percentage of patients in the control arm
who have the event of interest, has drawn
attention as a potential diagnostic of het-
erogeneity between different trials.30 Tri-
als with different control rates may have
studied patient populations at different
baseline risks for the disease and the ef-
ficacy of the studied treatment may vary
in patients at different risk. As suggested
by a recent empirical evaluation, the mag-
nitude of the treatment effect across dif-
ferent trials on the same subject was as-
sociated with the control rate in each trial
in 14% of 112 meta-analyses.31 However,
the analysis and interpretation of control
rate issues in clinical trials require cau-
tion. First, appropriate statistical meth-
ods are necessary to account for the ef-
fect of random measurement error.30,32

Second, the control rate does not reflect
only the baseline severity of illness, but
may also be affected by the study follow-
up, concomitant treatments, and differ-
ences in medical care. Third, the rate of
events in a group of patients gives no in-
formation about the diversity of disease
risks for individual participants,33 which
maybehighlyvariableevenwithinasingle
clinical trial.34,35

Publication Bias
Publicationbias36 diagnostics,suchasin-

verted funnel plots or correlation coeffi-
cients between the treatment effect and
its variance,37,38 may identify the selec-
tive nonpublication of small, imprecise tri-
als with negative results. However, these
diagnosticsdonotexcludepublicationbias
when they are not statistically signifi-
cant. Conversely, when they are signifi-
cant, publication bias is not certain. Alter-
nativepossibilities toconsiderarethatthe
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efficacy of a treatment may decrease over
time (long-term studies with more events
will then show smaller benefits) or the ef-
ficacy of a treatment may be different in
high-riskthaninlow-riskpopulations.Such
examples have been described in the lit-
erature.13,31

COMMENT
The question of whether meta-analy-

ses square with the results of large trials
is importantforclinicalmedicine.Ourscru-
tiny of the protocols that addressed this
question shows that the design, selection
of studies, and methods of analysis could
largely affect the ensuing answer.

There exists no absolute definition of
what constitutes a large trial, so separat-
ing small trials from large trials is not
straightforward. All trials provide a con-
tinuum of evidence that is expanded as
new clinical trials are designed and com-
pleted. The extent to which small trials
agree or disagree with larger ones is
a multifactorial process, but estimates
could also be largely affected by selection
biases. Large trials appearing in influen-
tial medical journals may have been se-
lected for differing from prior beliefs and
prior evidence. Meta-analysts may also
have been selective on the questions to
target. Also, consistency may be less
likely to observe for secondary end points
than for primary end points. Moreover,
the extent of agreement between meta-
analyses and large trials depends on how
disagreements are defined.

A consistent observation is that meta-
analyses and large trials tend to disagree
10% to 23% of the time, beyond chance.
The notion that meta-analysis always
should force diverse data into a single es-
timate is unrealistic.39 Clinical trials are
likely to be heterogeneous, since they ad-
dress different populations with different
protocols. Patients, disease, and treat-
ments are likely to change over time.40

Heterogeneity of treatment effects can
exist even within single trials.41 Even
large trials may disagree among them-
selves.14,42 Futuremeta-analysesmayfind
an important role in addressing potential
sources of heterogeneity rather than al-
ways trying to fit a common estimate
among diverse studies. The development
of quantitative methods for assessing
sources of heterogeneity has been an ac-
tive area of research. Advances in this
field (publication bias diagnostics,37 con-
trol rate diagnostics,30 meta-regression
approaches,43 modeling of trial popula-
tions,40 and methods for meta-analyses of
individual patient data,44 among others)
should be incorporated in routine meta-
analyses with a sound understanding of
theircapabilitiesandlimitationsfromsys-
tematic reviewers and readers.

The strength of both clinical trials and
of meta-analyses lies in their quantitative
and systematic approach. Efforts to stan-
dardize the unbiased conduct and report-
ing of both randomized trials and meta-
analyses should be enhanced.45,46 We have
come a long way in generating fairly reli-
able evidence through controlled clinical
research, but we are still exposed to the
possibility of unexpected discrepancies
and surprises. Both meta-analyses and
randomized controlled trials should be
scrutinized for biases and diversity.47 A
major role for meta-analysis in the future
would be to understand and predict dis-
crepancies and plan clinical trials with
meta-analyses in mind.1 Prospective ad-
vance planning of clinical trials with the
explicit anticipation that they will be in-
corporated in a meta-analysis also needs
to be encouraged,39,48 and we should view
evidence from small and large trials and
meta-analyses as offering a complemen-
tary evolving continuum.
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