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ABSTRACT

Objective: By removing systematic differences across treatme@noups, simple

randomization is assumed to protect against biasidder, random differences may remain if
the sample size is insufficiently large. We soughtdetermine the minimal sample size
required to eliminate random differences, therelbpwang an unbiased estimation of the

treatment effect.

Study Design and Setting: We re-analyzed two published multicenter, large ammple
trials: the International Stroke Trial (IST) ancetEORONARY study. We reiterated 1,000
times the analysis originally reported by the iriggdors in random samples of varying size.
We measured the covariates balance across thengerms. We estimated the effect of
Aspirin and Heparin on death or dependency at 3@ déter stroke (IST), and the effect of
off-pump coronary-artery bypass grafting on a cosmeagprimary outcome of death, nonfatal
stroke, nonfatal myocardial infarction, or new fefalure requiring dialysis at 30 days
(CORONARY study). In addition, we conducted a sered Monte Carlo simulations of

randomized trials to supplement these analyses.

Results: Randomization removes random differences betweeatmhent groups when
including at least 1,000 participants, thereby ltegy in minimal bias in effects estimation.
Below, substantial bias is observed. In a shorierey we show such an enrollment is

achieved in 41.5% of phase 3 trials published énhighest-impact medical journals.

Conclusions: Conclusions drawn fromcompletely randomized trials enrolling a few
participants may not be reliable. In these circamses, alternatives such as minimization or

blocking should be considered for allocating tleatment.

KEYWORDS: Randomization; sample size; bias.



INTRODUCTION

The Randomized Controlled Trial (RCT) is considewesd the gold standard to provide
evidence for clinical decision-making [1]. In suelm experimental design, the treatment
allocation is completely at random with respecthe patient’s baseline characteristics. By
doing so, the treatment groups are assumed to lamdeal on measured and unmeasured
confounders, allowing an unbiased estimation oftteatment effect [2]. However, although
systematic differences between groups are remaweediom differences can remain. One
could speculate that simple randomization removes mandom differences across the
treatment groups only in sufficiently large trial&ubin wrote: “complete randomization may
not be good enough”, except “in very large expentse[3]. Such as flipping a coin, it
appears intuitive that simple randomization may gearantee the balance in small trials,
contrary to large trials. This refers to the LawLafge Numbers, firstly described by Jakob
Bernoulli as his “Golden Theorem” [4]. Accordingttds Law, the sample mean of a random
variable converges to the population mean as thwlgasize approaches infinity. In RCTSs,
both treated and control patients are sampled ftersame population. If the sample size is
sufficiently large, the distribution of the baselinharacteristics within each treatment group
converges to the population distribution. In theseumstances, the treatment and the control
groups are similar on average. This theorem rent#tes ignored in medical field. Because
the probability of removing the random differenegesoss the treatment groups increases with
larger sample size, enrolling enough participastsfigreatest importance to provide reliable
evidence of the treatment effect. As previously destrated, this risk of bias induced by
covariate imbalance (sometimes called “accidenia”p converges asymptotically to null
[5]. Furthermore, large-scale trials reduce vasiatn estimated effects and allow researchers

to draw conclusions with a greater confidence Ahough this need of large RCTs has been



supported for years [7, 8], the actual sample stfesontemporary RCTs remain small [9,

10].

In this study, we investigated the minimal sampilee srequired to remove the random
differences between treatment groups in RCTs. Wedito demonstrate that discarding the
Law of Large Numbers leads to substantial biahentteatment effect measurement. To this
end, we re-analyzed two multicenter, large and Entgals assessing the effect of Aspirin
and Heparin after stroke [11], and comparing offapuversus on-pump Coronary Artery
Bypass Grafting (CABG) [12]. In addition, we contlkeet a short review to illustrate our

findings to the actual enrollment of participamdICTs published in high-impact journals.



METHODS

We evaluated how the Law of Large Numbers guaraniee covariate balance and thus the
unbiased estimation of the treatment effect in RA¥s using two multicenter, large and
simple trials: the International Stroke Trial (ISJ)1] and the CABG Off or On Pump
Revascularization Study (CORONARY) [12]. In additjiove conducted a series of Monte
Carlo simulations, through which the “true treatmeffect” was known. Then, we explored
the actual enroliment in RCTs published in the fe@ding general medical journaksnfals

of Internal Medicine, the British Medicine Journal, the Journal of the American Medical

Association, The Lancet, and theNew England Journal of Medicine).

Law of Large Numbersin RCTs

To illustrate how the properties of the Law of Larlumber may ensure the covariate
balance and impact the results of RCTs, we re-aedlftwo published studies. The IST,
including 19,435 adult patients suspected of adsthaemic stroke from 36 countries,
evaluated the effect of Aspirin and Heparin on deatdependency at 6 months, by a two-by-
two factorial design [11]. The database of thisltrhas been made available by the
investigators [13]. The CORONARY study, including782 senior patients undergoing a
CABG from 19 countries, compared the procedurepaffip versus on-pump regarding a
composite primary outcome of death, nonfatal strokefatal myocardial infarction, or new
renal failure requiring dialysis at 30 days [12]JorFeach RCT, we generated random
subsamples with replacement from the original databy varying the sample sizeffom 50

to 5,000 subjects, stepwise 50), which replicat&I®with different enrollments. For each
size, 1,000 RCTs were simulated, in which we messitine covariate balance across the
treatment groups and estimated the treatment effHue balance reflects the average
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difference between the two treatment groups ofrapé® which is assumed to be minimal

when the covariates converge to their populatioarmd@s the balance is a sample property
rather than a population property, we did not assesariates balance with significance tests
[14-18]. We used absolute standardized mean difterg which are not affected by the

sample size variation. For a variable (or a categdra discrete variable)V, the absolute

standardized mean difference across the treatmeuapg is defined by:

SMD = |mean(W)treatment - mean(W)controll

\/Uariance(w)treatment + variance(W) controt
2

We used this metric for assessing the baselineactearstics measured in the original articles.
In the IST, we reported the standardized differsnnealelay of administration, age, sex, onset
(awake; during sleep), conscious level (unconsciduswsy; alert), cardiac rhythm (sinus
rhythm; atrial fibrillation), systolic blood pres®y stroke syndrome (total anterior; partial
anterior; posterior circulation; lacunar), leg weags (present; absent; not assessable), pre-
randomization CT scan; appearance of CT scan {infasible; no infarct visible); pre-
randomization antithrombotic therapy (Aspirin withprevious 3 days; Heparin within
previous 24 hours) [11]. In the CORONARY study, reported the standardized differences
in age, sex, body mass index, previous myocardfatdtion, previous percutaneous coronary
intervention, previous stroke, peripheral arteuidease, diabetes, renal failure requiring
dialysis, congestive heart failure, hypertensi@ft Ventricular ejection fraction (grade %:
50%; grade 2: 35 to 49%; grade 3: 20 to 34%, gfade€20%), EuroSCORE grade (0 to 2; 3

to 5; >5), urgent surgery, diseased vessels (lafbptriple; double; single) [12].

Like in the original articles, we calculated thedtment effect as an absolute mean difference

in the IST, and as a hazard ratio in the CORONARXMI® For each sample sizg we



compared the estimated effects to the referenceesallVe calculated the mean squared error,

which measures the bias and variance of the estthedfects:
MSE, = mean|[(estimated ef fect, — reference value)?]

Though we recognize this metric did not allow usgligtinguish accidental bias (related to the
covariates imbalance) from random errors (relatethé sample size), these two sources of
error must be minimized to allow reliable conclusdrom RCTs. Hazard ratios were log-
transformed in this calculation. We considered rigference values as the treatment effects
originally presented by the investigators. As régarby the IST collaborative group, the
effects of Aspirin and Heparin were, in absolutk riifference scale, equal to -1.25% and -
0.03%, respectively [11]. As reported by Laetl., the effect of off-pump CABG was equal

to a hazard ratio of 0.95 [12].

As these analyses assumed that the reference vetuesided with the “true treatment
effects”, we conducted an additional series of Moftarlo simulations to complete our

approach.

Monte Carlo simulations

We emulated fictive RCTs in which the “true treatmheffect” was known. We generated 14
baseline covariates following random normal disitiins. From these, we created a set of
binary W, to W), continuous \(i; to Wi3) and categorical\Whs) variables that were all
designed to approximate those described in pemiperpopulationseg. age, comorbidities
and biological markers) [19, 20]. We fixed diffetezorrelation coefficients between these
covariates. An additional variableV(s) was defined as the combination of others to
reproduce the cardiac risk index proposed lge et al [21]. To simulate simple

randomization, the treatment was allocated accgrdo a random binomial distribution



B(0.5), with Z=1 and Z=0 denoting the treated and the control subjectpecs/ely. The

occurrence of the outcom&(binary variable) followed the model:

|Ogit[ p(Y)] = ag+ agWL + aoWo + aaWs + oaWy + asWs + a7 Ws + agWe + a1oWho + a11Wha

+ a12Wip + a13Whz + a1sWis + p1Z

The patient experienced the outcomé&1) if p(Y) was greater than a random number
generated from an uniform distribution U(0,1). émtucing an error, this random process
allowed us to consider a random outcome assignmaginér than a fixed and deterministic
one. In addition, we could compu¥ andY,, denoting for each patient her/his potential
outcome value that would be observed if, possiloigt@ry to the fact, she/he were treated
and not treated, respectively. Having her/his oaanterfactual outcome value, each patient
was thus compared to herself/himsek.(“utopian experiment” with perfect balance). Given
a trial, we could therefore assessed the performafdhe simple randomized experiment
against the “utopian experiment” that exactly imigld the same set of patients. This allowed
us to measure the loss of performance attributi@bs#mple randomization. After calculating
the average treatment effect as an absolute ri&relce in both types of experiment
(average difference il across the treatment groups and average differlesiveeeny; and

Yo, respectively), we reported the mean squared &rdyoth estimators. Then, we computed
the difference in relative bias.€ bias expressed as a percentage of the referaalae)v
between the two estimators and calculated the geestandard error of the randomization-
based estimator which was compared with the engbistandard deviation of the estimated
treatment effect across the simulations. This albws to separately evaluate the impact of
the sample size on the performance of the randdimizhased estimator and its variance
estimator. The reference valuee(“true average treatment effect”) was equal t85%. This
marginal effect was obtained by fixing, in the aute equation, a conditional odds ratio of

0.80 (log-odds ratiomr = -0.23) being consistent with real-life RCTs [22-2We varied the



sample size from 50 to 5,000 patients, stepwis€13W00 generated samples per size). All

parameters for data generation are describ&lpplementary Material.

Number of trial participantsin medical literature

To describe the actual enrollment in clinical sjalve extracted all of the studies indexed in
PubMed as “clinical trials” and published on Novemi§", 2015, in one of the top five
highest-impact journals in Medicine (tiAenals of Internal Medicine, the British Medicine
Journal, theJournal of the American Medical Association, The Lancet, and theNew England
Journal of Medicine). Of these studies, we kept those reporting a tanClinicalTrials.gov.
After merging the two databases (PubMed and Clifres.gov) on the NCT registration
number, we automatically extracted the number oblead participants in the interventional
studies, in which the treatment was randomly atkdan a parallel or factorial design.
Though some of these could use alternatives to Isimgndomization, such as blocked
randomization or minimization on measured covasiatenbalance could remain in
unmeasured covariates. We focused our analysiseophase 3 trials, as they were especially

designed to demonstrate the effectiveness of reatnrents.
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RESULTS

Law of Large Numbersin RCTs

We found a same “point of balance” in the IST amel CORONARY studyKigure 1). This
threshold was found as the value of N, after whioth the covariate balance and the mean
squared error plateaued. In both trials, all of beseline characteristics were correctly
balanced across treatment groups only when engdlli@00 participants or more. Beyond this
threshold, we reported minimal mean squared enrastimating the effects of Aspirin and
Heparin (IST) and off-pump CABG (CORONARY study)elBw, baseline characteristics

were imbalanced, and substantial mean squarediereffiects measurement were observed.

These results were confirmed in our series of Mdd&lo simulations, across which the
average treatment and outcome prevalence were #1&al0% and 15.5%, respectively. The
covariate balance was appropriately achieved inpgasizes greater than 1,000.Rigure 2,

we showed that the additional mean squared ermrl¢ss of performance) attributable to
simple randomization was minimized when enrollindeast 1,000 participants. This result
appeared to be related to the ‘accidental’ biaseadby the covariate imbalance in simple
randomization. On a relative scale, the additidmak attributable to simple randomization
plateaued at N = 1,000 participanEsdure 3). In contrast, the estimated standard error was
consistent with the empirical standard deviatiogardless of the number of participants,
thereby suggesting that the performance of theamae estimator was not affected by the

sample sizeKigure 3).
Number of trial participantsin medical literature

At the date of November 152015, a total of 11,416 RCTs were published i tthp five

highest-impact medical journals. Of these, 2,4Q%ored a link to ClinicalTrials.gov, from
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which 2,172 records matched with publications. Ramded allocation and parallel or

factorial assignment were reported in 1,918 stuaies1,004 were phase 3 tridisdure 4).

As illustrated inFigure 5, the number of published phase 3 RCTs substaniiadireased
since the beginning of the century. However, thepprtion of RCTs enrolling more than
1,000 participants appeared constant in time, &gk than a half of phase 3 trials (417 RCTSs,
41.5%). Unsurprisingly, this proportion varied aating to the medical specialtyfgble 1).
Among the 215 phase 3 trials in cardiovascularadies, 150 (69.8%) respected this threshold
of 1,000 participants. This proportion was much down Oncology (58 trials among 187,
31.0%). No substantial difference was found actbesage groups, but trials enrolling all of
the age categories (child, adult and senior) weveef to include 1,000 subjects (32 trials
among 94, 34.0%). Phase 3 trials, which benefitech fmultiple funding sources were more

likely to include 1,000 participants or more (120ang 252 trials, 47.6%).

12



DISCUSSION

We showed that simple randomization protects agdies only in trials enrolling 1,000
patients or more. This threshold is necessary soren the covariates balance across the
treatment arms and subsequently, an unbiased éstimat the treatment effect. Enrolling
fewer participants resulted in substantial biagstimating the treatment effect. In addition,
we found that not even a half of phase 3 RCTs phbtl in the top five highest-impact

journals actually achieved this number of inclusion

In experimental design, complete randomization fteroassumed to protect against bias,
because it removes the systematic differences sithhesreatment groups on average [25]. As
the treated population is similar to the contropylation, randomization may protect against
selection bias [26]. As well, by balancing measuaed unmeasured prognostic factors across
the treatment groups, randomization may protecinagaonfounding [2]. However, random
differences can remain. These assumptions areftiheneerified only under the Law of Large
Numbers, that is to say, the treated and the clogtoups are similar on average only if the
sample is large enough. Within very large samples average values of covariates converge
to their population expectations, resulting in niffedence across the treatment groups.
Previous studies have shown the accidental bias tuehese random differences
asymptotically approaches the null [5]. Althougmanimal sample size of 200 has been
previously proposed to ensure an equal treatmémtadion (i.e. proportions of treated and
controls that approach 50%), no threshold was fotmme@nsure adequate balance of the
covariates [5]. We showed that this balance ocaursamples including 1,000 subjects or
more. Below this value, the assumptions attributedandomization might be no more
verified, thereby leading to bias in estimated @#e In response to this issue, one could

advocate adjusting for imbalanced covariates. Hawesuch an approach is limited. First, it
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assumes no unmeasured confounders [27]. Secongtiadj allows the estimation of a
conditional effect, which is not necessarily equeathe marginal effect estimated in the RCT
[27, 28]. Third, adjustment is a model-dependemgragach, which is criticized for causal
inference purpose. Indeed, as the estimate dependshe model’'s specification, the
researcher might be tempted to report the restiiciwfits its favorite hypothesis” [29, 30].
We recognize that the possibility of inclusion eariaccording to financial supports and
medical specialties. Enrolling 1,000 participanigsynbe difficult regarding certain conditions
(e.g., rare diseases). In such situations, alteewtto simple randomization should be
considered. For example, a greater power, effigieaned robustness of the fully blocked
randomized experiment have been advocated [30i83juch a design, the imbalance is
reduced to null, as the treated and the contrasbéocked at the start on the covariates.
Treatment allocation by minimization is also areaiative [34, 35]. As well, compared to

parallel assignments, cross-over designs may retheceariance of estimates [36].

In contrast with our findings, only a few RCTs aty enroll more than 1,000 participants.
Califf et al. reported that 3.1% of studies registered on Climitals.gov between 2007 and
2010 included more than 1,000 subjects [9]. Acaagdo Hopewellet al. [10], the median
sample sizes of RCTs indexed in PubMed databa®edf and 2006, were 32 and 36 in each
treatment group. In the top five highest-impactrij@ls, we report a larger proportion of
RCTs enrolling more than 1,000 participants in phasHowever, more than a half should
still be considered too small to provide fair evides. This finding is quite alarming, as these
studies were designed to provide evidences of iffawess of new treatments. “Studies of
lesser quality and smaller scope should not cajnakeweight to large-scale comprehensive
trials just because they are randomized” said Gigstgme and Stuart Pocock [37]. This
necessity of working on large samples has beenaostgup for years [7, 8]. As previously

written by Richard Peto, “useful trials must usydle capable of distinguishing between the
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alternative possibilities of a small treatment effand no treatment effect” [38], referring to
large RCTs with sufficient statistical power to etgtsignificant (small) effects. In addition,
we argue that sample size calculation should nobdsed only on statistical power. As a
simple example, if a treatment has a major effectamucing a highly frequent outcome, a
power-based sample size calculation might leadnttuding less than 1,000 participants.
Admittedly, the result of such a RCT would be siigaint, but probably biased. We agree
with Martin Bland that sample size calculation ddomot be dominated by the “tyranny of
power” [39]. As long as “a p value is no substitide a brain”, considering statistical power
is necessary but not sufficient for sample sizewdation. In addition to these issues, some
authors have previously revealed important defaesin the quality of reporting of RCTs

[40-42].

Parallel to the strengths of our study, some litintes have to be considered. First, our
analysis was conducted only in RCTs with an eqliata@ion. We focused on this allocation
type, because it is very popular in practice. Tgrouwo illustrative RCTs, we found
consistent results regardless of the type of ouécdbinary or censored), the scale of
treatment effect (absolute risk difference or hdzatio), the age group (adult or senior) and
the type of intervention (medical or surgical).slpite of a large set of baseline covariates, we
found a unique “point of balance” in both RCTs. 8ase this corresponds to the point
minimizing both bias and variation of measuremeifitots, we assume that unmeasured
covariates were also balanced. This “point of bad&rdepends on the covariates variance
within the population and might be therefore greate populations with a widespread
distribution of patient’s characteristics (e.g.pplations including all the categories of age:
child, adult and senior). Second, we explored thelement only in RCTs registered on
ClinicalTrials.gov. We used this large and publicalccessible database to extract data of

trials published in the top five highest-impact mead journals, which are generally
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considered as the highest-quality studies. As dised before, the prospective registration of
such database may reduce publication bias [43,ld4Jur case, regarding the number of trial
participants, only a few discrepancies are expeoeddieen the registry and publications [43,

45].

To conclude, simple randomization does not neciggaotect against bias without respect
to the Law of Large Numbers. Insufficiently sizethls may exhibit substantial bias and

wrong conclusions may be drawn.
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FIGURE LEGENDS

Figure 1. Differences in baseline characteristics acrosstriegtment groups (A, B, C) and
error on the effects measurement (D, E, F). In Isaf#e B, C), each colored curve refers to a

baseline characteristic (see Methods section).

Figure 2. Monte Carlo simulations of randomized controlledl$. Differences in baseline
characteristics across the treatment groups (A) additional error on the effects
measurement attributed to simple randomization kBpanel (A), each colored curve refers

to a baseline covariate.

Figure 3. Monte Carlo simulations of randomized controlledl$. Additional relative bias
attributable to simple randomization in estimategtment effects (A) and ratio of estimated
standard error to empirical standard deviation iofipte randomization-based estimated

treatment effects (B).

Figure 4. Flow chart of randomized controlled trials recordedClinicalTrials.gov and
published in theAnnals of Internal Medicine, the BMJ, the JAMA, The Lancet or the New

England Journal of Medicine at November 18, 2015.

Figure 5. Phase 3 randomized controlled trials recordedlinicalTrials.gov and published
in the Annals of Internal Medicine, the BMJ, the JAMA, The Lancet or the New England

Journal of Medicine on November 1%, 2015.
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Table 1. Randomized controlled trias recorded on Clinical Trials.gov and published in the
Annals of Internal Medicine, the BMJ, the JAMA, The Lancet or the New England Journal of
Medicine, at the date of November 15", 2015.

> 1000 <1000
N participants participants
n =417 (41.5%) n = 587 (58.5%)

Discipline
Cardiovascular Disease 215 150 (69.8%) 65 (30.2%)
Oncology 187 58 (31.0%) 129 (69.0%)
Infectious Disease 173 79 (45.7%) 94 (54.3%)
Endocrinol ogy 73 29 (39.7%) 44 (60.3%)
Rheumatology and Internal Medicine 67 3 (4.5%) 64 (95.5%)
Others 289 98 (33.9%) 191 (66.1%)
Age group
Child only 77 35 (45.5%) 42 (54.5%)
Adult only 65 29 (44.6%) 36 (55.4%)
Senior only 7 3 (42.9%) 4 (57.1%)
Child and adult 38 16 (42.1%) 22 (57.9%)
Adult and senior 723 302 (41.8%) 421 (58.2%)
Child. adult and senior %4 32 (34.0%) 62 (66.0%)
Funding source
Industry 520 216 (41.5%) 304 (58.5%)
NIH 41 15 (36.6%) 26 (63.4%)
U.S. Fed 11 4 (36.4%) 7 (63.6%)
Others 180 62 (34.4%) 118 (65.6%)
Multiple sources 252 120 (47.6%) 132 (52.4%)
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Randomized Controlled Trials identified in PubMed and published in

the Annals of Internal Medicine, the BMJ, the JAMA,
The Lancet and the New England Journal of Medicine

N=11416

l

Links to ClinicalTrials.gov
N =2 405

!

Records in ClinicalTrials.gov
N =202 787

Matching records
N=2172

l

Interventional studies,
with randomized allocation,
parallel or factorial assignment
N=1918

!

Phase 3 trials
N =1 004

T

21 000 participants
N =417

< 1 000 participants
N =587
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Simple Randomization Should be Reserved for Suffiently Large Trials. What

Does “Large” Mean?

Highlights

- Simple randomization removes systematic differerme®ss the treatment groups;
random differences may remain in insufficientlygtrials, however.

- In small samples, random covariate imbalance leaticcidental bias’.

- When enrolling at least 1,000 participants, sim@adomization may ensure the

covariate balance and minimize the risk of measargrmarror.



