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In randomized trials, comparability of the treatment groups is ensured through
allocation of treatments using a mechanism that involves some random element,
thus controlling for confounding of the treatment effect. Completely random
allocation ensures comparability between the treatment groups for all known
and unknown prognostic factors. For a specific trial, however, imbalances in
prognostic factors among the treatment groups may occur. Although accidental
bias can be avoided in the presence of such imbalances by stratifying the analy-
sis, most trialists, regulatory agencies, and other stakeholders prefer a balanced
distribution of prognostic factors across the treatment groups. Some procedures
attempt to achieve balance in baseline covariates, by stratifying the allocation
for these covariates, or by dynamically adapting the allocation using covariate
information during the trial (covariate-adaptive procedures). In this Tutorial, the
performance of minimization, a popular covariate-adaptive procedure, is com-
pared with two other commonly used procedures, completely random allocation
and stratified blocked designs. Using individual patient data of 2 clinical trials
(in advanced ovarian cancer and age-related macular degeneration), the proce-
dures are compared in terms of operating characteristics (using asymptotic and
randomization tests), predictability of treatment allocation, and achieved bal-
ance. Fifty actual trials of various sizes that applied minimization for treatment
allocation are used to investigate the achieved balance. Implementation issues of
minimization are described. Minimization procedures are useful in all trials but
especially when (1) many major prognostic factors are known, (2) many centers
of different sizes accrue patients, or (3) the trial sample size is moderate.

1 INTRODUCTION

Estimation and testing of differences between treatments are the main objectives of randomized clinical trials.
In randomized trials, comparability of the treatment groups is ensured through allocation of the treatments under inves-
tigation to patients using a mechanism that involves some random element, thus controlling for confounding of the
treatment effect.1 Many randomization procedures have been proposed in the literature and implemented in practice.
Completely random allocation, also known as simple randomization, assigns a treatment to every new patient without
regard to baseline factors known to be of prognostic importance. Completely random allocation ensures comparability
between the treatment groups with respect to all known and unknown prognostic factors in a systematic way.2 For a
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specific trial, however, completely random allocation may result in imbalances, whereby a prognostic factor is
unequally distributed between the various treatment groups. Likewise, there may be deviations from the target allo-
cation ratio of patients randomized to the different groups. Some procedures attempt to prevent such imbalances
and deviations, either by modifying the probability of treatment allocation over the course of the trial (biased-coin
and urn designs), or by restricting randomization (truncated binomial and permuted-block designs). Other proce-
dures attempt to achieve balance between the treatment groups with respect to baseline covariates, either by strati-
fying the allocation for these covariates, or by dynamically adapting the allocation using covariate information over
the course of the trial. The latter set of procedures, known as covariate-adaptive, is the focus of the present Tuto-
rial. More specifically, we compare a popular covariate-adaptive procedure, known as minimization, with two other
commonly used procedures, completely random allocation and stratified blocked designs (permuted blocks within
strata).

The purpose of minimization is to safeguard against accidental bias with respect to several prognostic factors
considered simultaneously. As such, it allows trialists to choose among all baseline factors known or suspected
to have a prognostic impact on the outcome of interest, which can then be balanced in the treatment-allocation
procedure.3 Minimization has been shown to result in small imbalances between the groups with respect to the
variables used in the allocation process even in trials of small size and/or when the number of prognostic fac-
tors is large.4 Minimization is a valid treatment allocation procedure,5 yet regulatory guidelines have generally
called for caution when minimization is used, especially when a deterministic algorithm is employed.6 Some have
questioned the interest of balancing treatment groups for prognostic factors and have pointed out that such bal-
ance does not meet any optimality criterion.7,8 Others have suggested that minimization may increase the degree
of foreknowledge of treatment allocations.9 Technical difficulties have been documented when minimization is
used for unequal allocation ratios.10 An important concern relates to the appropriate analysis following the use
of dynamic allocation. Most trialists use conventional asymptotic tests that have been shown to control the type-I
error probability when minimization was used but can be conservative when the test is not stratified.11-14 It is
often suggested that keeping with the famous admonition, “analyze as you randomize”, attributed to R. A. Fisher,
randomization tests should preferably be used to reflect the allocation procedure.15,16 The type-I error probability
and power of such randomization tests, as compared with their asymptotic counterparts, then come into ques-
tion.

Despite alleged concerns about minimization, it is a widely used treatment allocation procedure, whether in tri-
als conducted by cooperative groups or in pivotal trials for registration of new drugs conducted by the pharmaceutical
industry.17 Some of the most successful drugs ever approved showed their efficacy in trials that allocated treat-
ments to patients using minimization.18 Minimization has been used in trials of all sizes, ranging from a few dozen
patients19 to tens of thousands of patients.20 The objective of the present paper is to describe the minimization proce-
dure, address the potential concerns about its use, and study its operating characteristics using simulations and data
from actual clinical trials. This Tutorial extends previously published reviews of the properties of treatment alloca-
tion procedures, including completely random allocation,21 stratified blocked designs,22 adaptive randomization,23 urn
designs,24 and minimization.25,26 Of note, a recent review of different treatment-allocation procedures did not cover
minimization.27

Section 2 sets the scene and introduces terminology for the three most commonly used treatment-allocation
procedures in comparative clinical trials, that is, completely random allocation, stratified blocked allocation, and
minimization. For the sake of simplicity, we cover simple versions of these procedures, leaving aside extensions
that may outperform the simpler versions at the cost of increased complexity.28-30 Readers who are unfamiliar
with randomization techniques will find an excellent coverage of this topic in the classic books by Rosenberger
and Lachin,1 and by Berger.31 Section 3 presents the design of a clinical trial for patients with advanced ovar-
ian cancer to provide insight into the operating characteristics of the various treatment allocation procedures in
terms of balance achieved, type-I error probability and power of the statistical tests used to compare treatment
groups, and predictability of treatment allocations. This section further includes an evaluation of the balance
achieved in 50 actual trials of various sizes that used minimization. Section 4 presents the analysis of a clini-
cal trial for patients with age-related macular degeneration (AMD) to compare the properties of asymptotic tests
vs randomization tests following dynamic treatment allocation. Section 5 considers implementation issues when
minimization is the method of choice and covers reporting issues in general. Section 6 concludes the paper with
a discussion of the topics to consider when choosing a treatment-allocation procedure for a randomized clinical
trial.
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2 BACKGROUND

2.1 Terminology

2.1.1 Baseline covariates and factors

Baseline covariates may include patient characteristics (age, sex, ethnicity, performance status, co-morbidities, etc), dis-
ease characteristics (severity, stage, location, time since diagnosis, etc), or environmental characteristics (equipment
available and other external factors having a potential impact on the patient, disease, or treatment). Baseline covariates
that have prognostic importance are usually considered for different forms of stratification and commonly referred to as
“factors”. When baseline factors are measured on a continuous scale, they are typically categorized for the purposes of ran-
domization (eg, age<50 vs ≥50 years), although minimization can be extended to directly handle continuous variables.
In this way, information loss due to discretization can be avoided as well as uncertainties around determining cut-off
points.26,32 The different categories of a baseline factor are referred to as factor levels.

Baseline factors are sometimes known unreliably at the time of randomization: for instance, disease stage is often
verified by an independent committee who may later modify the investigator’s assessment. In such instances, we shall
assume that the information provided at the time of randomization will not be corrected, so that any subsequent modifica-
tions to baseline data are captured distinctly from the data used for the treatment allocation (whether using minimization
or any other procedure based on baseline data). This approach is required to avoid manipulating baseline data with a
view to biasing future allocations; for instance, if poor-prognosis patients in the control group were modified to appear
as good-prognosis patients, any balancing scheme would tend to allocate future poor-prognosis patients preferentially to
the control group. For the sake of assessing the balance attained, one would use the information provided at the time
of randomization, as the resulting allocations may otherwise look imbalanced in terms of the amended factor classifica-
tions. Keeping both the data known at the time of randomization and the correct data known at some later time point is
also needed to conduct different analyses; specifically, the former should be used to carry out stratified analyses, while
the latter would be a more sensible choice for subgroup analyses.

2.1.2 Centers

The center (or investigational site) is a hospital, clinic, physician, or a group of physicians that can be considered as a
unit. Center is a baseline factor that deserves special consideration, for logistic reasons (eg, when drug supply depends
on the treatment allocation) and analytical reasons (eg, when center effects are thought to exist, or need to be tested).
Sometimes centers accrue very few patients each, in which case they are sometimes grouped to form bigger units at the
level of a region, a country, or a continent. The center is known at baseline but can subsequently change, for example, if
patients move or decide for some other reason to be followed up in a different center than the one in which they were
randomized. In this paper, such changes over the course of the trial will be ignored.

2.1.3 Stratification

Stratification consists of defining nonoverlapping patient subsets based on some measurable characteristics at baseline,
usually with cross-classification of such subsets leading to strata. For instance, stratification for sex and age (<50 vs
≥50 years) would define four distinct strata. In general, a stratification based on N factors having li levels (i = 1, … ,N)
defines up to s =

∏N
i=1 li distinct strata, some of which may be structurally empty if certain combinations of factor levels

are impossible.

2.1.4 Prognostic balance, accidental bias, and statistical efficiency

Prognostic balance is achieved when the observed distribution of prognostic factors is similar in all randomized treatment
groups. Prognostic balance is often considered a hallmark of a well-conducted trial. Yet, prognostic imbalances could
occur through the play of chance, in a trial using completely random allocation, without raising any statistical issues
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or implying any flaw in trial design and execution. Still, clinical trials with substantial imbalances can be the subject of
criticism. An extensive list of controversial clinical trials can be found in Berger.31

Major prognostic imbalances, however, are unlikely to occur just by chance, and the treatment-allocation procedures
discussed in this paper all achieve prognostic balance asymptotically. In practice, balance may be desired with limited
sample sizes, either in small trials (eg, randomized phase 2 trials in oncology, cross-over trials in chronic diseases, or
randomized trials in orphan indications), or at the time of interim analyses in large trials. Note that no allocation proce-
dure will systematically reach exact balance as is shown further in Section 3.4.1 (Table 3) and Section 3.6.3 (Table 6), for
simulated trials of size 500, and for 50 actual clinical trials with sample sizes ranging from <50 to >500 patients.

A valid reason to seek balance in a randomized trial is to avoid accidental bias in the estimation of the treatment effect
due to the confounding effects of prognostic factors. Accidental bias affects the estimate of the treatment effect if all the
following conditions apply: (1) the distribution of some baseline factors differs across randomized treatment groups, (2)
the factors that are imbalanced have a prognostic impact on the outcome of interest, and (3) the method used to estimate
the treatment effect does not adjust for these factors. Conditions (2) and (3) imply that accidental bias can be controlled by
adjusting the analyses for important prognostic factors. Hence, if it were for accidental bias alone, there would be no need
to seek balance between the randomized treatment groups, providing the analysis was adjusted for factors of prognostic
importance. However, such adjusted analyses are less straightforward than simpler, unadjusted analyses. They may be
suspicious if they are data-driven and may not be possible in small trials. Reducing the probability of accidental bias may
therefore be a better strategy than adjusting for it. In contrast to other experiments that can be repeated if need be, clinical
trials are seldom repeated identically, for obvious ethical reasons. However, when selecting a randomization procedure to
achieve prognostic balance, caution should be taken to avoid increasing the predictability of allocations and potentially
introducing selection bias (see Section 2.1.5).

Prognostic balance may be sought to avoid accidental bias, but does it also increase the power of the test for a treat-
ment effect? In nonlinear models or generalized linear models commonly used in clinical trials (eg, logistic regression
and survival models), balance does not minimize the variance of the estimate of the treatment effect (see section 3.2 in
Robertson et al33). In such cases, optimal treatment-allocation procedures have been proposed to maximize statistical effi-
ciency.34-37 These procedures outperform other randomization procedures, but the impact of these procedures on power
is negligible in practice for the commonly observed moderate and small treatment effects of interest.7,38 We will confirm
the negligible impact of balancing on power through simulations in Section 3 Note that for more extreme treatment effects
or extreme heterogeneity in the variances, imbalanced and balanced allocations can have a larger impact on the power of
the test.38 Hence, if it were for power alone, there would be no need to seek balance between the randomized treatment
groups for most trials—if anything, one could even consider creating imbalances to maximize efficiency when nonlinear
models are used. Note that the trade-off between increasing power and balancing treatments is a general consideration
in prioritizing the objectives of any treatment-allocation procedure.39,40

2.1.5 Predictability and selection bias

Selection bias can affect the estimate of the treatment effect if the following conditions apply: (1) the physicians who
participate in the trial can select the patients they decide to enter, for instance based on some important prognostic char-
acteristic, and (2) they can do so with foreknowledge of the treatment allocations. Note that selection bias is intentional
while accidental bias is due to chance alone. The choice of a treatment-allocation procedure has a major bearing on selec-
tion bias because some procedures lead to predictable allocations.41 For instance, in a trial comparing two treatments
randomly allocated in blocks of 4 treatments, the last treatment in a block is always predictable, while the penultimate
treatment in a block is predictable in one third of the blocks. Hence, on average, such a design leads to 1 out of every 3
treatments being predictable. For this reason, using stratified blocked randomization is not recommended in open-label
trials when the participating physicians have access to the history of previous treatment allocations. For the same reason,
the size of the blocks is usually kept masked to participating physicians or is varied randomly over the course of the trial.

2.1.6 Allocation ratio

The allocation ratio reflects the desired proportion of patients in each treatment group. More often, equal allocation
(1:1) is used when there are two treatment groups, with allocation of patients to either group with equal probability.
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However, unequal allocation ratios, such as 2:1 or 3:1, can be used, especially in early-phase trials, where it may be
valuable to allocate more patients to an unknown experimental treatment than to a well-known standard of care. The
limited availability of an experimental treatment might also justify unequal allocation ratios favoring the allocation of
patients to the control arm (eg, 1:2).

2.2 Treatment-allocation procedures

2.2.1 Objectives

Treatment-allocation procedures may purport to achieve several objectives, and the choice of a procedure may depend
on which of these objectives is most important in a particular context:

• include a random element in the allocation in such a way that no allocation is predictable, thereby decreasing the risk
of selection bias

• achieve the target allocation ratio, for instance equal numbers of patients in the two randomized groups of a trial with
1:1 allocation ratio

• achieve prognostic balance between the randomized groups, thereby minimizing the risk of accidental bias
• provide an inferential basis for the statistical tests used to compare the randomized groups
• maximize the efficiency of these tests

All these objectives can be achieved to some extent, but a focus on one of these objectives may imply compromising
some of the other objectives.33,40

2.2.2 Common allocation procedures

The simplest treatment-allocation procedure is completely random allocation, which can easily accommodate unequal
allocation ratios. The major advantage of completely random allocation is that there can be no foreknowledge of treatment
allocations, thus ensuring full concealment. This feature is considered by some as an overriding consideration when
choosing a treatment allocation procedure (see Section 2.1.5).31 Completely random allocation protects against selection
bias but it can result, with non-negligible probability, in deviations from the desired allocation ratio and in covariate
imbalances, especially in small samples, potentially leading to accidental bias.21,27

All other treatment-allocation procedures are “restricted” in some sense. Blocked randomization, the most common
form of restricted randomization, is used to ensure close adherence to the desired ratio of patients in each treatment group
at any time during the trial. When selected prognostic factors need to be accounted for, stratified blocked randomization
is used to ensure good balance of prognostic factors between treatment groups, reducing the probability of accidental bias
and leading to balanced allocation within strata.22 Although this procedure is in very common use, it can be unsatisfactory
with regard to predictability of treatment allocations (see Section 2.1.5). This technique is useful when very few factors
of major prognostic importance must be accounted for,42 but it does not ensure good balance when the number of strata
defined by the cross-classification of prognostic factors becomes too large.43

Minimization, described independently by Taves44 and by Pocock and Simon,45 is a dynamic treatment-allocation
procedure that minimizes the overall imbalance on selected baseline factor margins between treatment groups. The pro-
cedure can be deterministic or stochastic. Although the Consolidated Standards of Reporting Trials (CONSORT) state
that “trials that use minimization are considered methodologically equivalent to randomized trials, even when a random
element is not incorporated”,46 it is considered good practice to use stochastic minimization to avoid any concerns that
deterministic allocations may have induced selection bias. The Food and Drug Administration (FDA) guidance on adap-
tive trials (2019) states that “predictability (in a covariate-adaptive algorithm) can be mitigated with an additional random
component to prevent perfectly deterministic treatment assignment”.47 Therefore, this tutorial will focus only on stochas-
tic minimization. A formal exposition of minimization was given by Pocock and Simon,45 and a simplified algorithm
was proposed by Freedman and White.48,49 Several extensions of minimization have been proposed to differentiate the
baseline factors according to their relative prognostic importance (see Section 5).50,51 Another set of covariate-adaptive
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5290 COART et al.

procedures is based on an ‘imbalance score’, defined as a weighted average of imbalances within factor margins, strata,
and the study.26,30 Minimization in this tutorial refers to the method proposed by Pocock and Simon that minimizes the
average of marginal imbalances.45

2.2.3 Implementation of the different treatment-allocation algorithms

Completely random allocation
In this case, one of m treatments is randomly chosen with probability 1∕m for an equal allocation ratio or with the appro-
priate probability for an unequal ratio. A prespecified list with this random order of treatment allocations can be generated,
and a patient presenting for randomization will be assigned to the next treatment on the list. Today, lists of treatment
allocations are no longer prepared ahead of time, and patients are randomized on-line in real time, but the algorithm for
treatment allocation is essentially the same.

Stratified blocked designs
In stratified permuted-block randomization, trial participants are subdivided into strata, and then randomization is fur-
ther restricted by the blocks so that treatment assignments are balanced within blocks and over time. For a trial with
ttreatment arms, each block has a size of t × b containing b allocations to each arm. The orders of treatments within each
block are randomly permuted. One major choice to be made is the block size. If b = 1, strata are balanced after every mul-
tiple of t allocations. The last (t × bth) allocation in a block is always deterministic, and in some blocks earlier treatment
allocations are also deterministic. Larger block sizes increase allocation randomness but decrease the treatment balance,
as at the end of recruitment a larger proportion of the block can remain unfilled.

Consider the example of a trial with two treatments, A and B, with age (≤65/>65) and sex (F/M) as important prog-
nostic factors used for stratifying treatment allocation. This design has 4 strata and within each stratum, permuted blocks
of size 2 × b are randomly generated prior to opening recruitment. For instance, if b = 4:

Stratum 1 (F, ≤65): AABABBBA−ABBABABA−BABABABA−…

Stratum 2 (F, >65): BBAABBAA−BAABABAB−ABABABAB−…

Stratum 3 (M, ≤65): ABBBAABA−ABAABBAB−BAABBAAB−…

Stratum 4 (M, >65): BBBABAAA−ABABAABB−AABBAABB−…

When a patient is eligible for randomization, the next available treatment in their stratum is assigned. For example,
female patients 65 or younger (stratum 1) will be allocated treatments A, A, B, A etc. For unequal allocation ratios, each
block would contain correspondingly unequal numbers of the available treatments.

Minimization
This section describes commonly used implementations of minimization, for those unfamiliar with the procedure. More
elaborate descriptions of minimization are provided, for example, in Han et al.52 Important prognostic factors are identi-
fied before the trial starts, and assignment of a new patient to a treatment group is determined to minimize the differences
between the groups in terms of these factors, by balancing allocation over factor margins. Unlike stratified randomiza-
tion, minimization aims to minimize the total imbalance for all factors simultaneously instead of considering mutually
exclusive strata. Pocock and Simon45 defined a more general procedure, but the most commonly used approaches for
implementation are the range and variance methods, introduced with an illustrative example below.

Consider again the example of a trial with two treatments, A and B, with age (≤65/>65) and sex (F/M) as important
prognostic factors. Center is added as a factor for which balanced treatment allocation is desirable. A 60-year-old woman
in center XYZ is ready to be randomized into the trial that has the following status (Table 1):

The goal of minimization is to minimize the total imbalance on some scale. The range method minimizes the sum of
the absolute values of the imbalances (𝛿i, i = A,B):

• If treatment A is allocated, 𝛿A = |24 − 22| + |56 − 54| + |17 − 20| = 2 + 2 + 3 = 7;
• If treatment B is allocated, 𝛿B = |23 − 23| + |55 − 55| + |16 − 21| = 0 + 0 + 5 = 5;
• Since 𝛿B < 𝛿A, allocation of treatment B is preferred with the range method.
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T A B L E 1 Illustrative example of the range and variance implementation of minimization, showing current status of a two-arm trial
and imbalances if next patient is assigned to arm A or arm B.

Number of patients
already allocated to A B

Imbalance if next
patient allocated to A

Imbalance if next
patient allocated to B

Age: ≤65 23 22 2 (|24–22|) 0 (|23–23|)

Gender: Female 55 54 2 (|56–54|) 0 (|55–55|)

Center: XYZ 16 20 3 (|17–20|) 5 (|16–21|)

94 (TA) 96 (TB) 7 (𝛿A) 5 (𝛿B)

Note: TA/TB: sum of number of patients assigned to treatment A/B corresponding to factor levels of the next patient. Note that TA/TB are not the total number of
patients randomized to A/B due to overlap between the rows.

The variance method minimizes the sum of the squares of the imbalances
(
𝜎

2
i , i = A,B

)
:

• If treatment A is allocated, 𝜎2
A = (24 − 22)2 + (56 − 54)2 + (17 − 20)2 = 4 + 4 + 9 = 17;

• If treatment B is allocated,𝜎2
B = (23 − 23)2 + (55 − 55)2 + (16 − 21)2 = 0 + 0 + 25 = 25;

• Since 𝜎2
A < 𝜎

2
B, allocation of treatment A is preferred with the variance method.

Of note, the different treatment preferences between the two methods are not an inherent feature of the method, but
rather a topical occurrence. In general, simulation studies have shown similar results for the range and variance methods,
perhaps with a slightly better performance for the variance method.25,34 If the variance method is used, the preferred
treatment can be obtained through a simple summation of the numbers under each treatment already allocated to A and
B in each factor.49 Denote these total allocations by TA and TB, respectively (note that these sums are not numbers of
patients, given the overlap between table rows). In the above example (Table 1), TA = 94 and TB = 96, and since TA < TB,
allocation of treatment A is preferred. Note that if 𝛿A = 𝛿B in the range method, or 𝜎2

A = 𝜎
2
B in the variance method, no

treatment is preferred over the other.
The next step consists in allocating the preferred treatment with probability p (with 0.5 < p ≤ 1) and the other

treatment with probability 1–p. In case there is no preferred arm, allocate A or B at random with probability 0.5.

• If p = 1, the allocation is deterministic (as in Taves44) and always goes to the preferred treatment;
• If 0.5 < p < 1, a stochastic rather than a deterministic implementation of minimization is obtained.

The algorithms (range and variance methods) can easily be extended to the following situations:

• More than two treatment groups: the preferred treatment is the treatment with the lowest total allocations Ti;
• Different weights for different stratification factors: calculate total imbalances as weighted (instead of unweighted)

sums across factors;
• Unequal allocation ratios: create as many pseudo-treatment groups as needed to obtain the desired allocation ratio,

and then combine identical treatment groups (see Section 5.2).

More formally, the variance method for a study with equal allocation to two treatment groups can be described as fol-
lows. At the time of entering a new patient in the trial, let Nij denote the number of patients already assigned to treatment
j (j = A,B) with an identical value for prognostic factor i (i = 1, … ,F) as the new patient, and let Tj =

∑F
i=1Nij. For this

patient, if TA < TB, allocate treatment A with probability 0.5 + 𝛽 and treatment B with probability 0.5 − 𝛽; if TA > TB, allo-
cate treatment B with probability 0.5 + 𝛽 and treatment A with probability 0.5 − 𝛽; and if TA = TB allocate treatment A
or B with probability 0.5. Note that this algorithm essentially uses a biased-coin approach, with 𝛽 (0 ≤ 𝛽 ≤ 0.5) denoting
the bias,32,53 with the following possible choices for 𝛽 in this algorithm:

• 𝛽 = 0: equal to completely random allocation (both treatments selected with equal probability regardless of imbal-
ances);

• 𝛽 = 0.5: deterministic minimization;
• 0 < 𝛽 < 0.5: stochastic minimization (with commonly chosen values for 𝛽 in the range of 0.3 to 0.4).
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5292 COART et al.

In case the study has more than two treatment groups, the biased-coin algorithm can be generalized as follows.
At the time of entering a new patient in the trial, let Nij denote the number of patients already assigned to treat-
ment j (j = A, … ,N) with an identical value for prognostic factor i (i = 1, … ,F) as the new patient. Let Tj =

∑F
i=1Nij,

m = min
{

Tj (j = A, … ,N)
}

and  be the set of treatments j (j = A, … ,N) such that Tj = m, and  be the (possi-
bly empty) set of other treatments. To allocate a treatment to the new patient, one of the two sets of treatments, 
or  is first chosen: if  is empty,  is chosen; otherwise,  is chosen with probability 0.5 + 𝛽 and  is chosen
with probability 0.5 − 𝛽. Thereafter, any of the treatments in the chosen set ( or ) is selected at random with equal
probability.

3 OPERATING CHARACTERISTICS

3.1 Case study: Design of a randomized clinical trial in oncology

We consider the choice of a treatment allocation procedure for a randomized trial comparing two chemotherapies for
patients with advanced ovarian cancer. Data on such patients were available from a previously published meta-analysis
(Ovarian Cancer Meta-Analysis Project).54 Four trials were included in the meta-analysis, all comparing a control group
receiving the two-drug combination of cyclophosphamide and cisplatin (CP) vs an experimental group receiving the
three-drug combination of cyclophosphamide, doxorubicin and cisplatin (CAP). Data on the following baseline variables
had been collected for every patient: patient identification, center, date of randomization, age, performance status, extent
of residual disease after debulking surgery, histologic cell type, histologic cell differentiation, and International Federation
of Gynecology and Obstetrics (FIGO) stage. Data were also available on the treatment assigned by randomization (which
was ignored to regenerate allocations with the minimization algorithm under study) and the outcomes of interest: date
of death or last visit and survival status.

Table 2 provides an overview of baseline characteristics for all 1198 patients available in the meta-analysis, as well
as the χ2 score statistic for the prognostic impact of each characteristic (taken in isolation) on survival. The interest
of this case study is that all the baseline variables had a highly significant prognostic impact on survival. A prognostic
score was calculated for each patient by fitting a Cox (proportional hazards) regression model, starting from the null
model with all baseline characteristics, and eliminating covariates from the model using a step-down procedure. Patients
with missing values for the retained covariates were excluded from the estimation of the model parameters. All baseline
variables were kept in the model: age (Age, p < 0.0001), performance status (PS, p < 0.0001), extent of residual disease
(RD, p < .0001), histologic grade (HG, p < 0.005) and FIGO stage (FIGO, p < 0.05). A prognostic score was calculated as
a linear combination of prognostic factors, with age in years and the levels of other factors coded from 1 (lowest level) to
3 (highest level):

score = 0.016 × Age + 0.37 × PS + 0.48 × RD + 0.14 ×HG + 0.24 × FIGO.

The final model was used to divide the patient population into quintiles defining distinct prognostic groups,
respectively labeled “best”, “good”, “intermediate”, “bad”, and “worst” prognosis.

3.2 Treatment-allocation procedures considered for this trial

We considered three treatment-allocation procedures when designing a trial of 500 patients entered in 20 centers to
compare an experimental treatment E with a control treatment C. We assumed that the sample size in each center fol-
lowed a skewed distribution, with a majority of centers entering few patients and a few centers entering the majority
of patients as is typically the case in cancer clinical trials. Simple randomization consisted of allocating E or C at ran-
dom to each patient, with probability 0.5. Stratified blocked randomization consisted of forming blocks of size 4 (2E, 2C)
within strata arising from the cross-classification of center and selected prognostic variables from Table 2. We imple-
mented minimization using the variance of imbalances,48,49 (see Section 2.2.3 for details) with bias 𝛽 set to 0.4 (stochastic
minimization).
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COART et al. 5293

T A B L E 2 Prognostic impact of baseline variables on survival, as assessed by a Cox model.

Variable
Ordered
categories

Number of patients
(percentage)

Cox model score
statistic

Age (years) < 55 525 (0.44) 53.95

55−65 419 (0.35)

≥ 65 248 (0.21)

Missing 6 (<0.01)

Extent of residual disease (cm) None 191 (0.16) 101.44

≤ 2 463 (0.39)

>2 523 (0.43)

Missing 21 (0.02)

Histologic grade Good 206 (0.17) 40.78

Intermediate 420 (0.34)

Poor 463 (0.39)

Missing 127 (0.11)

FIGO stage III 996 (0.83) 38.77

IV 157 (0.13)

I, II or missing 45 (0.04)

ECOG Performance Status 0 770 (0.64) 32.60

1 313 (0.26)

≥ 2 59 (0.05)

Missing 56 (0.05)

Final prognostic score, including age,
extent residual disease, histologic
grade, FIGO stage and ECOG

Best 176 (0.15) 192.35

Good 262 (0.22)

Intermediate 260 (0.22)

Bad 211 (0.17)

Worst 177 (0.15)

Missing 112 (0.09)

Note: All variables are ordered categorical or continuous, and patients with missing values are excluded from the model. The score statistic has a χ2 distribution
with 1◦ of freedom.

3.3 Methods

3.3.1 Simulations

We generated 500 trials, each of them with 500 patients sampled at random, with replacement, from the meta-analysis
database. We took the survival times equal to their values in the meta-analysis database for patients allocated
to the control group and divided by the hazard ratio (HR) for patients allocated to the experimental group (sur-
vival times in the meta-analysis were found to closely follow an exponential distribution). We assumed the HR
was equal to 1.0 under H0 and equal to 0.7 under HA. The meta-analysis database had a long follow-up (average
follow-up more than 12 years). To make the simulations realistic, we censored survival times to account for a uni-
form entry of the patients over a 2-year period, and an additional 4-year follow-up period. In each simulated trial,
we compared the treatment groups using a Wald test for the treatment coefficient in a Cox model, with and with-
out stratification by baseline covariates as explained below. We assumed HR was constant, and the sample size of
500 patients was chosen to have a power greater than 0.8 of detecting HR ≤ 0.7, using a two-tailed significance
level of 0.05.
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5294 COART et al.

3.3.2 Measure of imbalance

We defined the imbalance between the randomized treatments as 𝛿 = |nE–nC|, where nE and nC are the number of
patients allocated to experimental and control, respectively. When looking at S subsets of patients defined either by
prognostic-factor levels (eg, patients with the same baseline performance status, or in a given center) or by strata arising
from the cross-classification of several factors (eg, patients with the same baseline performance status in a given center),
the imbalance was defined as 𝛿S = maxs {|nEs–nCs|} for s = 1, … , S.

3.3.3 Type-I error probability and power of the statistical test

The proportion of simulated trials rejecting H0 under H0 gave the type-I error probability of the test for the treatment
effect. The proportion of simulated trials rejecting H0 under HA gave the empirical power of the test for the treatment
effect.

3.3.4 Measure of predictability

We measured the predictability of the next treatment allocation by the probability of a correct guess for an investigator
using an optimal guessing strategy.55 Completely random allocation is not considered here, as there is no optimal guessing
strategy if an allocation only depends on randomness. If the guesser only had access to the total number of patients already
allocated by treatment group, the optimal guessing strategy would be:

• For both stratified block allocation and minimization, pick the treatment that minimizes overall imbalance (ie, dif-
ference between the total numbers of patients randomized to experimental and control), if there is such a treatment;
otherwise, choose a treatment at random.

If the guesser had knowledge of both the allocation algorithm and the history of all previous allocations, the optimal
guessing strategy would depend on the allocation algorithm:

• For stratified blocked allocation, pick the treatment that minimizes imbalance in the current block corresponding to
the patient characteristics, if there is such a treatment; otherwise, choose a treatment at random;

• For minimization, pick the treatment that minimizes overall imbalance using the minimization algorithm, if there is
such a treatment; otherwise, choose a treatment at random.

Note that in well-conducted multicenter trials, it should be impossible for any investigator to have all knowledge
needed for the optimal guessing strategy, even when the study is open-label. In this section, predictability is rigor-
ously defined to quantify its potential impact. However, in practice it does not matter whether the next allocation is
predictable but rather whether those in a position to influence recruitment believe they know what will happen next
with higher chance, regardless of this being correct or not. Acting upon a belief that is not correct could introduce bias
nonetheless.

3.4 Results

3.4.1 Balance

Table 3 shows the mean imbalance (number of patients) overall, within centers (see Section 2.1.2), within factor levels
(see Section 2.1.1) and within strata (see Section 2.1.3), for the various treatment allocation procedures. Minimiza-
tion achieves similar or better balance than stratified blocked allocation, except within strata, where the difference
between the two procedures is trivial. These results are in agreement with those from other publications using
simulations.56-58
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COART et al. 5295

T A B L E 3 Mean imbalances (number of patients) overall, within centers, within factor levels and within strata in a trial of 500 patients,
based on 500 simulations.

Overall Within centers Within factor levels Within strata

Factors used CRA SBA MIN CRA SBA MIN CRA SBA MIN CRA SBA MIN

0 15.4 11.6 23.1 4.0

Center 3.1 4.0 1.8 2.6 17.1 17.6 3.9 3.9

+ score 6.9 2.2 4.2 3.2 17.6 15.8 3.7 3.9

+ 1 factor 5.4 1.9 3.2 4.1 16.8 15.3 3.8 3.9

+ 3 factors 10.5 1.4 7.0 4.8 17.3 11.8 3.2 3.8

+ 5 factors 13.6 1.3 9.5 3.2 20.0 4.1 2.0 3.8

Abbreviations: CRA, completely random allocation; MIN, minimization; SBA, stratified blocked allocation.

T A B L E 4 Type-I error probability and power of the statistical test for a treatment difference.

Type-I error probability Power

Unstratified test Stratified test* Unstratified test Stratified test*

Factors used CRA SBA MIN CRA SBA MIN CRA SBA MIN CRA SBA MIN

None 0.052 0.043 0.72 0.79

Center 0.051 0.049 0.046 0.040 0.74 0.73 0.79 0.79

+ score 0.049 0.026 0.047 0.040 0.74 0.73 0.77 0.79

+ 1 factor 0.046 0.044 0.035 0.042 0.75 0.75 0.81 0.80

+ 3 factors 0.042 0.036 0.034 0.036 0.74 0.75 0.80 0.82

+ 5 factors 0.041 0.035 0.034 0.035 0.76 0.75 0.81 0.81

Abbreviations: CRA, completely random allocation; MIN, minimization; SBA, stratified blocked allocation.
*Test stratified for 1 factor.

3.4.2 Type-I error probability and power

Table 4 shows the type-I error probability and power of the statistical test for a treatment difference for the various
treatment-allocation procedures, using either an unstratified Cox model or a Cox model stratified by one factor. As com-
pared with completely random allocation, the type-I error probability of the test is smaller for stratified blocked allocation
and for minimization, due to the balance achieved by these procedures, which reduces the likelihood of accidental bias
leading to false-positive results. For unstratified tests, the type-I error probability decreases with increasing number of
factors used in the randomization procedure. The power of the test is largely unaffected by the treatment-allocation
procedure but is increased if the test is stratified for one factor, regardless of the treatment-allocation procedure. This
observation is consistent with the well-known fact that a stratified analysis gains power due to a reduction in the variance
of the treatment effect.

In this example, an analysis stratified by all five factors would increase the power even further, again with no major
difference between the various treatment-allocation procedures (0.86 for completely random allocation, 0.85 for stratified
blocked allocation, and 0.89 for minimization, results not shown in Table 4). Over-stratification of the analysis, however,
induces a loss of power due to the large number of strata with few patients. In this example, an analysis stratified by
center, score, and all five factors (obviously an extreme over-stratification), would seriously decrease the power (0.41
for completely random allocation, 0.46 for stratified blocked allocation, and 0.45 for minimization, results not shown in
Table 4).

3.4.3 Predictability

Table 5 shows the probability of correctly guessing the next treatment allocation. This probability is equal to 0.5 by
definition for completely random allocation. Both stratified blocked allocation and minimization increase predictability,
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5296 COART et al.

T A B L E 5 Probability of correctly guessing the next treatment allocation.

No information available
by treatment group

Total numbers of patients known
by treatment group

Full knowledge of allocation
algorithm and history

Factors used CRA SBA MIN CRA SBA MIN CRA SBA MIN

None 0.500 0.500 0.500

1 0.500 0.500 0.624 0.631 0.707 0.722

3 0.500 0.500 0.542 0.647 0.699 0.832

5 0.500 0.500 0.521 0.648 0.672 0.858

Abbreviations: CRA, completely random allocation; MIN, minimization; SBA, stratified blocked allocation.

especially when the investigator has full knowledge of the allocation algorithm and of the history of previous allocations.
For stratified blocked allocation, predictability decreases when the number of factors used in the allocation increases; for
minimization, it is the opposite. This is due to the better balancing properties of minimization (Section 3.4.1). Minimiza-
tion has been criticized because it can increase predictability.9 The same criticism holds for stratified permuted blocks.59

However, as shown in Table 5, predictability is only an issue when minimization is used in the uncommon scenario where
investigators participating in a trial have (1) knowledge of the treatment allocation algorithm, and (2) information by
treatment group on patients allocated so far.60 If predictability is a concern for a specific trial, modified algorithms are
available to reduce predictability.61,62

3.5 Interpretation

Section 3.4.2 shows the benefit of achieving prognostic balance on the type-I error probability of the statistical test
used to compare treatment groups and the lack of effect of such balancing on the power of the test. Section 3.4.3
shows, however, that using procedures that result in such balance comes at the cost of unacceptably high levels of
predictability if investigators have full or even partial information on the history of previous allocations, including a
simple count of the number of patients randomized by treatment group. All such information, as well as details of the
treatment allocation algorithm, must therefore be concealed from investigators to prevent selection bias, particularly in
open-label and in single-center trials. In properly blinded multicenter trials, there is no reason to suspect that the level
of predictability is materially higher than for completely random allocation, though no procedure guarantees unpre-
dictability of treatment allocations as effectively as completely random allocation. Is the impact of balancing on the
type-I error probability of the statistical test sufficient to warrant the use of stratified blocked randomization or min-
imization? It seems debatable, though tight control of the type-I error is an overriding consideration in the approval
of a new treatment. In addition, regulatory and health-technology assessment (HTA) agencies may be more easily
assured of scientific validity when treatment allocation is balanced for important prognostic factors and across geographic
regions.

Balancing has negligible effect on power, so it may not be worth the trouble from the point of view of a trial sponsor.
In contrast, stratification of the statistical tests may have a large effect on power, at least when baseline factors have a
substantial prognostic impact on the outcome of interest, as in advanced ovarian cancer. As expected, stratification of
the analysis increased power equally for all treatment-allocation procedures. It is often claimed that the factors used for
treatment allocation must be included in the statistical model used to compare treatment groups. Although this is a sound
strategy, when possible, it does not follow that it should always be used uncritically, since balancing treatment groups for
prognostic factors aims at reducing accidental bias, while adjusting the analysis for prognostic factors aims at increasing
the statistical power of the test. These two objectives may be best met for different numbers of prognostic factors in a
given study.

The type-I error probability was controlled in all situations, regardless of the treatment-allocation algorithm, number
of factors used and stratification of the (asymptotic) test. As such, our results confirm that minimization and permuted
blocks control the type-I error probability of asymptotic tests.63,64 Of note, permuted blocks and minimization show type-I
error probabilities below the nominal 0.05 level, illustrating that asymptotic tests can be conservative in these cases.
Research on statistical inference under covariate-adaptive randomization has shown that asymptotic tests not stratified for
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COART et al. 5297

all balancing factors are usually conservative, albeit less so than under complete randomization.11-13 The conservativeness
of the tests is due to the reduced variance of the treatment effect, with the achieved marginal balance across treatment
groups, enhancing the comparability of different treatment groups. When an unstratified linear model is implemented
for inference, the covariate-adaptive randomization scheme is ignored and an inflated model-based variance estimate is
used, resulting in a conservative control of the type-I error probability. Stratifying the analysis for all balancing factors
restores the type-I error probability to the nominal level with an asymptotically normally distributed test statistic.14,65

A bootstrap- based test and Lasso regression have been suggested to further improve the efficiency of asymptotic tests
following a stratified randomization.

To the best of our knowledge, these approaches have not been used in clinical trials. Randomization tests provide a
simple and robust testing approach and, as such, they can advantageously be used instead of asymptotic tests.

3.6 Experience with minimization

To assess the performance of minimization in practice, we reviewed trials in which we used minimization for
treatment allocation. We looked at all such trials randomized at our institution (IDDI) between August 28, 2000
and March first, 2021 (N = 61). Eleven trials were excluded for different reasons: trials that stopped prematurely
(N= 2), trials randomized without any stratification factor (N = 2), and trials with less than 25 patients (N = 5).
Hence, 50 trials using minimization for treatment allocation with a total of 20 469 patients could be used for this
analysis. The sample sizes of the studies ranged from 28 to 3509 patients, with a mean and median sample size
of 409.4 and 155, respectively. All studies were multicenter trials, with the number of centers ranging from 3
to 567. Most trials (N = 35) were two-arm trials, with 13 and 2 studies having three and four arms, respectively.
Forty-one trials had an equal allocation ratio, and nine had unequal ratios (2:1 in six cases, and one each 3:1, 4:1,
and 2:2:1). Among the indications treated in the 50 trials analyzed, oncology and ophthalmology were the most
frequent.

3.6.1 Treatment-allocation procedure used in these trials

All minimization algorithms were stochastic and were implemented using the variance method. The number of fac-
tors used in the algorithms ranged from 1 to 6, with a mean and median number of factors of 3.0 and 3, respectively.
The total number of strata per trial varied from 2 to 3402, with a mean and median of 315.8 and 64, respectively.
The large number of strata is caused by the inclusion of center as stratification factor in 41 of the 50 trials. Without
the factor center, the number of strata per trial ranges from 0 to 48, with a median and mean of 6.0 and 4, respec-
tively. A total of 13 studies had the one-level factor “study” included, to improve the overall balance of the treatment
allocations.

3.6.2 Methods

We defined the overall imbalance between the randomized treatments arms as 𝛿 = |nE × RC – nC × RE|, with nE and nC
the number of subjects allocated to experimental and control groups, respectively, and where RE and RC are the integers
in the randomization ratio (eg, for a ratio 2:1 favoring experimental treatment, RE = 2 and RC = 1). For studies with more
than two treatments, we computed the imbalance for every pair of treatments and kept the maximum value. When looking
at S subsets of patients defined by factor levels (eg, patients with the same baseline performance status), we defined
the imbalance within factor levels as 𝛿S = maxs {|nEs × RC – nCs × RE|} for s = 1, … , S. If a study contained more than
two treatments, we computed the imbalance within factor levels for every pair of treatments and kept the maximum
value. Finally, we also looked at the imbalance for a factor that was not included in the minimization algorithm. For
42 trials, patient age at enrolment was available and was not included in the minimization algorithm. For each of those
studies, we calculated median age and divided patients in two subsets (≤median or >median), calculating the imbalance
considering these two categories: 𝛿age = maxs {|nEs × RC – nCs × RE|} for s = 1, 2. Again, if a study contained more than
two treatments, we kept the maximum imbalance value.
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5298 COART et al.

3.6.3 Results

Table 6 provides the overall imbalance and the imbalance within minimization factor levels and within age groups. The
overall imbalance, or the deviation from the prespecified allocation ratio, ranged from one to six patients, with the highest
mean imbalance for the largest trials (sample sizes above 500 patients). The maximum within-factor level imbalance
ranged from one to seven patients, with a trend for higher imbalances for larger trials and trials including more factors
and having more factor levels. No clear difference could be detected in imbalances between studies including or not the
center as factor or between trials using equal and unequal allocation ratios. The imbalance for age groups, a factor not
included in the treatment allocation, were higher than for factors included in the minimization algorithm, ranging from
one to 21 patients, with a mean imbalance of 5.7 patients.

3.6.4 Interpretation

Across the 50 trials, minimization appears to have achieved its objective of treatment balance within factor lev-
els while preserving the overall treatment-allocation ratio. This holds true for the smallest trials, with sample sizes

T A B L E 6 Mean imbalance in number of patients overall, maximum within factor level and maximum within age categories for 50
actual trials using minimization.

Overall imbalance Within factor level imbalance Age group imbalance

Category (Nb trials) Range Mean Range Mean (Nb trials)a Range Mean

Overall (50) 1–6 1.8 1–7 3.1 (42) 1–21 5.7

By Sample Size (SS)

SS<=50 (6) 0–3 1.3 1–4 1.8 (6) 1–6 2.2

50< SS<=100 (12) 1–5 2.1 1–5 2.7 (12) 3–9 5.3

100< SS<=200 (12) 0–4 1.2 1–4 2.2 (9) 1–8 5.2

200< SS<=500 (12) 0–4 1.3 2–6 3.6 (10) 1–13 6.3

SS> 500 (8) 0–6 3.6 4–7 5.3 (5) 3–21 10.8

By nb factors

1 factor (2) 2–2 2.0 1–2 1.5 (2) 4–7 5.5

2 factors (19) 0–5 2.1 1–5 2.7 (15) 1–13 5.2

3 factors (12) 0–5 2.2 1–7 3.6 (12) 1–21 7.0

>=4 factors (17) 0-6 1.3 1–6 3.4 (13) 1–10 5.2

By nb factor levels

Nb levels <=10 (10) 0–2 1.3 1–2 1.5 (10) 1–8 3.8

10<Nb levels <=50 (10) 0–6 2.6 1–6 2.6 (9) 1–13 6.8

50<Nb levels <=300 (16) 0–4 1.3 2–4 3.0 (12) 1–11 5.0

Nb levels >300 (14) 0–5 2.3 3–7 4.6 (11) 1–21 7.5

Center included as factor

Yes (41) 0–5 1.8 1–7 3.3 (34) 1–21 6.2

No (9) 1–6 1.9 1–6 2.0 (8) 1–8 3.9

By allocation ratio

Equal (41) 0–5 1.8 1–7 3.1 (34) 1–21 6.4

Unequal (9) 0–6 2.1 1–6 2.8 (8) 1–8 3.0

a Imbalance for age group was calculated in 42 of 50 studies for which patient’s age at enrolment was available and was not included in the minimization
algorithm.
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COART et al. 5299

of up to 50 patients, as well as for the largest trials. The number of minimization factors and factor levels did
not affect the achieved balance. These empirical results confirm earlier findings that properly implemented stochas-
tic minimization algorithms result in small imbalances with respect to the variables used in the allocation process
even in trials of small size and/or when the number of prognostic factors is large.1,25,57,66 The inclusion of study
center as factor, with hundreds of different centers, did not affect the achieved balance. These results further demon-
strate that achieved balances are similar for equal and unequal allocation ratios, as expected when using the cor-
rect implementation with “allocation-ratio-preserving, biased-coin minimization” approach for unequal ratios (see
Section 5.2).

As expected, for 42 studies in which age was not included as a factor in the minimization algorithm, the imbalances
were larger than those found for factors included in the allocation algorithm, showing that including a factor in the
allocation algorithm is worthwhile if balance is aimed for. For trials with a sample size above 50, the mean imbalance
for age is higher compared with factors included in the algorithm and increases with the sample size. Note that only
potentially prognostic factors are included in the allocation algorithm, hence it is inevitable that some baseline factors
will not be approximately balanced across treatment groups. On the other hand, the mean imbalance for age remained,
with a mean of 5.7 patients overall and 10.8 patients for the largest trials (sample size >500), well below the mean
imbalance of 23.1 patients reported for the within-factor imbalance in simulated trials of 500 patients using completely
random allocation (Section 3.2, Table 3). The lower imbalance found for age (Table 6), in comparison with imbalance
in factor levels achieved by completely random allocation (Table 3), could be induced by a correlation between age and
included prognostic factors (eg, performance status in oncology trials, visual acuity at baseline in ophthalmology trials),
so that balancing for these prognostic factors also improved balance for age on average. This result concurs with the
reported benefits of using covariate adaptive randomization or stratified blocked designs in terms of balancing unobserved
covariates.67

4 RANDOMIZATION TESTS

4.1 Implementation and hypotheses

In a first step, the observed test statistic T is computed, for example, a log-rank test statistic for time-to-event endpoints
(as used in the ovarian cancer trial in Section 3) or a Cochran-Mantel-Haenszel test statistic for binary endpoints (as
used in the ophthalmology trial in this section). In a second step, the distribution of the test statistic under the null
hypothesis is obtained by randomizing treatment assignment according to the original randomization protocol while
keeping outcomes and covariates as observed and rederiving the test statistic for each randomization. For a one-sided
test, the empirical P-value for the test statistic based on the randomization distribution is then S∕R, where S denotes
the number of replicates for which the test statistic obtained in the randomization procedure in Step 2 is equal to,
or greater in absolute value than, the observed value of T obtained in Step 1, and R denotes the total number of
replicates.

For a randomization test, the patients’ order of entry is kept fixed in the simulations and the randomization procedure
is reapplied, whereas for a standard permutation test, the treatment allocations are merely reshuffled. A permuta-
tion test hence assumes all possible treatment allocation sequences at the end of the trial are equiprobable while
a randomization test relies on the act of randomization to be the basis of inference.1,69 See the reference book by
Rosenberg and Lachin1 for a theoretical explanation and Wang, Rosenberger and Uschner (see section 6.4 in Refer-
ence 68) for an example on the difference between randomization and permutation tests. Although stratified blocked
designs (like any other design) can also be analyzed by means of randomization tests, in practice this is seldom
done.

Under the null hypothesis of no treatment effect, the randomization model states that patient responses are
unaffected by any treatment received. In contrast to population-based tests, the hypothesis for a randomization
test involves no parameters and is, in essence, a statement that the treatment assignments are independent of the
patient outcomes.1 The randomization distribution of a test statistic is always correct for the set of observations
and as such, the type-I error probability is preserved as long as the study is not biased.68 In this sense, the ran-
domization test is considered “robust”, whereas the validity of population-based tests is conditional on distributional
assumptions.
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5300 COART et al.

4.2 Case study: Analysis of a randomized clinical trial in ophthalmology

We consider a phase 3 trial in which patients with AMD were randomized between a control group receiving no treatment
or one of three doses (denoted low, medium, high) of pegaptanib sodium, an anti-vascular endothelial growth factor
pegylated aptamer. This treatment was administered through intra-ocular injections every 6 weeks. In order to preserve
treatment masking, patients in the control group were submitted to a “sham” injection (with pressure applied to the eye
but no intra-ocular injection) every 6 weeks. Visual acuity was the main outcome of interest, and the primary endpoint
was the proportion of patients who had lost three lines (15 letters) of vision on a standard visual acuity chart after 1 year
on trial. The full results of this trial, which recruited 586 patients at 58 sites between August 2001 and July 2002, have
been reported.70

4.3 Treatment-allocation procedure used in this trial

Patients were allocated to one of the four arms using stochastic minimization. Two disease-related factors were expected
to have an impact on visual acuity and were therefore used as “minimization factors”: lesion type (classic only, predomi-
nantly classic, or occult) and prior treatment with photocoagulation (yes or no). Centre was also added as a minimization
factor. The minimization algorithm was implemented using the variance of imbalances as the metric of choice48,49 and
followed the generalization of the biased-coin algorithm for studies with two arms, introduced in Section 2.2.3, with the
bias 𝛽 set to 0.3.

4.4 Methods

4.4.1 Analysis of the actual trial with randomization and asymptotic tests

An asymptotic test assumes that the sample size is sufficiently large so that the test statistic converges to an appropri-
ate limiting distribution. The asymptotic test used to compare proportions of patients was the Cochran-Mantel-Haenszel
test, which follows a chi-square distribution with 1◦ of freedom under the null hypothesis. A total of three
Cochran-Mantel-Haenszel tests were performed: unstratified, stratified for the two minimization factors, and strat-
ified for the two minimization factors plus center. The three associated P-values were recorded and in practice,
would be compared with the nominal type-I error probability, commonly set at a one-sided 0.025 significance
level.

Randomization tests were carried out on 10 000 simulated trials in which the outcome and characteristics of all
patients were kept unchanged alongside their order of entry, but their treatment was reallocated using the same
stochastic minimization algorithm as in the actual trial.69-71 Three Cochran-Mantel-Haenszel test statistics (unstrat-
ified and stratified for two and three factors) were calculated for each simulated trial, and the three sets of 10 000
values thus obtained provided an empirical distribution of the test statistics under the null hypothesis. The actual value
of the test statistics was compared with this distribution to yield a randomization P-value. Note that the asymptotic
tests are much less computationally intensive (only 3 tests performed based on the actual treatment allocation) com-
pared with the randomization tests that require thousands of simulations to establish the empirical distribution of the
test statistics under the null hypothesis (here, 10 000 simulated datasets with three tests statistics calculated for each
dataset).

Note also that the P-values shown in Section 4 are not adjusted for multiplicity, although in clinical research a
multiple-testing correction would be needed when testing three doses vs a control treatment.

4.4.2 Comparison of randomization and asymptotic P-values in simulated trials

In order to further study the difference between P-values obtained with randomization and asymptotic tests, we simulated
500 studies by resampling from the original study data, stratified by treatment arm without replacement. This procedure
was performed to sample datasets of 100 patients per treatment arm (study with 400 subjects) and smaller studies with
25 patients per treatment arm (study with 100 subjects). For each sampled dataset, the three treatment comparisons were
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COART et al. 5301

analyzed with an asymptotic Cochran-Mantel-Haenszel test and randomization test using the Cochran-Mantel-Haenszel
test statistic. The analyses for datasets consisting of 400 patients were stratified for lesion type and prior photocoagulation
therapy; the analyses of the smaller datasets of 100 patients were performed unstratified.

4.5 Results

4.5.1 Analysis of the actual trial with randomization tests

Table 7 displays the asymptotic P-values calculated with the Cochran-Mantel-Haenszel statistic stratified for lesion type
and prior photocoagulation for the three pairwise comparisons of interest in the trial (each dose vs sham) and the random-
ization P-values for the same comparisons. The three doses differed in efficacy, with the low dose exhibiting the largest
difference from control. For all three doses, the asymptotic P-values were quite close to the randomization P-values and
would have led to the same conclusions (situation “A” in Table 7.

The same qualitative observations were made when the Cochran-Mantel-Haenszel statistic was stratified for cen-
ter in addition to lesion type and prior photocoagulation, but as shown in Section 2 the stratification by center leads
to a loss in power because of the large number of centers entering patients in this trial (situation “B” in Table 7). For
unstratified tests (situation “C” in Table 7), the asymptotic P-values were again quite close to the randomization P-values
and would have led to the same conclusions. Note that there was no clear difference in power between the unstrati-
fied test and the test stratified for the two minimization factors (situation “A”), which suggests an absent or modest
prognostic effect of the minimization factors. Indeed, a chi-squared test showed no significant dependencies between
minimization factors and vision loss (P-values of 0.3018 and 0.3153, for lesion type and prior photocoagulation treatment,
respectively).

4.5.2 Comparison of randomization and asymptotic P-values in simulated trials

Figure 1 displays scatterplots of the asymptotic vs the randomization P-values. The P-values for the three pairwise com-
parisons of each dose vs sham are plotted together, for a total of 1500 pairs of P-values. The top and bottom rows show
results for the trials with 100 and 400 patients, respectively. For larger P-values, the relative difference between both types
of tests is well within 10% for both sample sizes (dashed lines on Figure 1). For the lower P-values, such as those below
0.1, a few relative differences exceed 10%.

T A B L E 7 Asymptotic and randomization P-values for different tests with treatment allocated using minimization in a clinical trial for
patients with age-related macular degeneration.71

Situation Pairwise Comparison Asymptotic test Randomization test

A: Test stratified for lesion type and
prior photocoagulation*

Low vs sham P= 0.0156 P= 0.0130

Medium vs sham P= 0.0321 P= 0.0273

High vs sham P= 0.1292 P= 0.1174

B: Test stratified for centre, lesion type
and prior photocoagulation

Low vs sham P= 0.0317 P= 0.0279

Medium vs sham P= 0.0812 P= 0.0781

High vs sham P= 0.1672 P= 0.1619

C: Unstratified test Low vs sham P= 0.0148 P= 0.0127

Medium vs sham P= 0.0200 P= 0.0167

High vs sham P= 0.1391 P= 0.1320

*Prespecified primary test.
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5302 COART et al.

F I G U R E 1 Pairwise comparison of asymptotic and rerandomization P-values based on 500 simulated trials consisting of 4 arms and 3
comparisons each (1500 P-values). Top row: sample size of simulated trials with 25 patients per arm; bottom row: sample size of simulated
trials with 100 patients per arm. Left column: full range (P-values [0, 1]); right column: zoomed to P-value range [0, 0.1]. Results for all three
treatments comparisons shown together (3× 500 or 1500 pairs of P-values). Dashed lines: 10% relative difference lines.

Table 8 summarizes the asymptotic and randomization P-values, as well as relative and absolute differences between
them. The absolute difference was calculated as

Absolute Difference = Randomization p − Asymptotic p,

so that negative differences represent simulations for which the randomization P-value was lower. The relative difference
was calculated as

Relative Difference = (Randomization p − Asymptotic p)∕(Asymptotic p).

Median P-values and median differences are provided together with the interquartile range. Results are presented by
asymptotic P-value size. Figure 2 depicts the distribution of absolute differences by asymptotic P-value size. Overall, the
absolute differences are small, with an interquartile range (IQR) for studies of 100 patients within [−0.02, 0.02] and for
the studies of 400 patients, within [−0.01,0.01].

4.6 Interpretation

In the analysis of the AMD trial data, randomization tests yielded P-values very close to the asymptotic P-values in all
situations considered.
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COART et al. 5303

T A B L E 8 Median and interquartile range (IQR) of asymptotic P-values, randomization test P-values, absolute and relative difference
in P-values for 500 simulated trials with 4 treatment arms and 3 pairwise comparisons each (for a total of 1500 P-values).

Sample size
(Total)

Pairwise
Comparison

Asymptotic
P-value
median [IQR]

Randomization
P-value
median [IQR]

Relative difference
in P-values
median [IQR]

Absolute
difference in
P-values
median [IQR]

100 All* 0.392 [0.167,0.671] 0.406 [0.170,0.671] 0.010 [−0.013,0.042] 0.003 [−0.004,0.013]

P-value <0.05 0.025 [0.012,0.036] 0.022 [0.011,0.036] −0.008 [−0.119,0.114] 0.000 [−0.002,0.003]

0.05≤P-value<0.1 0.072 [0.062,0.09] 0.074 [0.062,0.093] 0.052 [−0.055,0.131] 0.003 [−0.004,0.009]

0.1≤P-value<0.2 0.16 [0.124,0.170] 0.161 [0.129,0.182] 0.024 [−0.059,0.087] 0.004 [−0.008,0.013]

P-value≥0.2 0.564 [0.363,0.780] 0.571 [0.375,0.791] 0.008 [−0.008,0.030] 0.005 [−0.004,0.016]

400 All* 0.097 [0.036,0.221] 0.090 [0.034,0.214] −0.04 [−0.094, −0.008] −0.004 [−0.008, −0.001]

P-value <0.05 0.023 [0.012,0.035] 0.021 [0.010,0.032] −0.095 [−0.163, −0.024] −0.002 [−0.003,0.000]

0.05≤P-value<0.1 0.074 [0.061,0.085] 0.067 [0.057,0.079] −0.068 [−0.113, −0.021] −0.005 [−0.008, −0.001]

0.1≤P-value<0.2 0.140 [0.118,0.165] 0.134 [0.111,0.161] −0.044 [−0.070, −0.013] −0.006 [−0.010, −0.002]

P-value≥0.2 0.338 [0.254,0.513] 0.332 [0.248,0.510] −0.014 [−0.033, −0.002] −0.005 [−0.010, −0.001]

Note: The trials were of size N = 100 or N = 400, and were simulated by random sampling from a clinical trial for patients with age-related macular
degeneration.71

*1500 simulated P-values.

Other than for checking purposes, the choice of randomization tests can be advocated to reflect the actual treatment
allocation procedure. If many factors are used in minimization, or if the number of levels of some factors is large (eg, cen-
ters), a test stratified for all factors may be much less efficient than a test stratified only for the most important prognostic
factors. The same reasoning holds true for both asymptotic and randomization tests (compare situations “A” and “B” in
Table 7 for both tests). It is therefore common practice, when minimization is used, to ignore some of the minimization
factors for testing purposes, even if minimization allows for more factors in the actual allocation procedure. For instance,
using a test stratified for center will not result in any gain in power unless there is a strong center effect and the number
of centers in the trial is limited, which is an unusual (and arguably less desirable) situation. Note that in the AMD trial,
the unstratified analysis had the smallest P-values across both test types showing that in case the stratification factors are
not strongly prognostic for the outcome, stratifying a test can also result in a (slight) loss of efficiency.

Asymptotic and randomization tests could yield different results if there was a time trend in the outcome of inter-
est, for instance if there was a shift in the characteristics of the patients entered over time.72 Even in such a case, the
randomization test with the order of entry of patients left unchanged would still be appropriate.32,73

The comparison of P-values between asymptotic and randomization tests in the simulated trials showed that on
average, the absolute and relative discrepancy between tests is small and either test could be more powerful in a given
dataset. For the smaller trials, the range of potential differences was wider, as expected. On average, the randomization
P-values were found to be slightly lower for the larger simulated studies with 400 patients (right-hand side of Figure 2)
and slightly higher for the smaller simulated studies with 100 patients (left-hand side of Figure 2). The randomization
tests tended to be slightly more and slightly less conservative for the larger and smaller simulated trials, respectively.
In the AMD trial, the minimization factors had little prognostic value and the above observation was unlikely to be
attributed to the fact that stratified tests were used for trials of size 400, while unstratified tests were used for trials
of size 100. It is more likely that the use of asymptotic tests was not warranted for the analysis of trials with only 25
patients per treatment arm. For treatment comparisons with P-values <0.05, the P-values of both tests were much more
similar, with IQR of absolute differences equal to [−0.002, 0.003]. Thus, in situations where slight discrepancies could
make the difference between a significant and a nonsignificant outcome, asymptotic and randomization tests largely
concurred.

FDA prefers a randomization test for trials using minimization, as stated in the recent guidance on adaptive designs
(2019): “covariate-adaptive treatment assignment techniques do not directly increase the Type I error probability when ana-
lyzed with the appropriate methodologies (generally randomization or permutation tests)”.47 Several authors have shown
that minimization followed by a randomization test preserves the type-I error probability (see, e.g., Callegaro et al63).
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5304 COART et al.

F I G U R E 2 Absolute differences between asymptotic and randomization P-values based on 500 simulated trials, consisting of 4 arms and
3 comparisons each (total of 1500 P-values). Box plots of these absolute differences are shown for groupings by size of the asymptotic P-value.

In addition, minimization followed by an asymptotic test was also shown to preserve the probability and potentially
be conservative depending on the stratification of the test.11-14,63,64,74 Our results showed that in an actual clinical trial
randomization and asymptotic tests provide similar inferences.

5 IMPLEMENTATION AND REPORTING ISSUES

5.1 Choice of parameters

Section 2.2.3. shows a simple minimization algorithm that is fit for purpose for most multicenter randomized trials. In this
algorithm, the following choices must be made, based on clinical and statistical arguments, supported when necessary
by simulations75:

• Prognostic factors: Only prognostic factors with a major impact on the outcomes of interest should be included. The
choice of categories is either dictated by custom or chosen to make clinical sense. Although the number of prognostic
factors and of categories do not matter much for minimization, it is pragmatically sensible to keep these numbers as
small as possible.

• Center is not expected, in general, to be a modifier of the treatment effect, so the pursuit of a reasonable balance in each
site stems mainly from a desire to avoid extreme imbalances within centers, if only because centers may occasionally
need to be excluded from the analysis due to major bias, issues of trial conduct, and/or data quality.76

• When stratified blocked randomization is used, region is often included as one of the stratification factors. When min-
imization is used, it is preferable to include center as a minimization factor, in so far as region subsumes center. This
will also ease the evaluation of data by regulatory and HTA agencies that will look at the treatment effects by country
or region. As discussed in Section 3.5, not stratifying the analysis by center is not an issue, given the different objectives
of using center during treatment allocation (for balance) and in the analysis (for power).
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COART et al. 5305

• “Study” as a factor. The inclusion of “study” in the minimization algorithm (counting the overall number of patients in
each treatment group) may help achieve the overall balance (ie, the planned allocation ratio). For small studies, close
attainment of the target sample sizes per group may be important.27 Therefore, a randomization procedure in such
studies should allow to closely match the desired allocation ratio and study could be included as factor.

• Weights for minimization factors: It is possible to assign different weights to the various prognostic factors in the
minimization, in order to achieve the best balance for those factors thought to be of major relevance. Other procedures
define a hierarchical list, and the imbalance at a lower level is not considered unless the imbalances at higher levels
are under control.50,51,77 Extensions of the minimization procedure exist which consider a weighted average of three
types of imbalances: within stratum, within-covariate-margin, and overall. Note that the above-mentioned inclusion
of the overall balance (with “study” as minimization factor) in the algorithm is related to this idea. In our experience,
weighting is not needed to obtain good marginal balance for all factors. None of the 50 trials evaluated in Section 3.6
used weighting in the minimization algorithm.

• Bias used for biased-coin allocations; A value of 𝛽 in the range of 0.3 to 0.4 seems sensible and has been used in regis-
trational trials, while deterministic minimization is not recommended and would often not be accepted by regulators.
ICH E9 recommends that if minimization is to be performed, b should be chosen <0.5 (or assignment to preferred
treatment with probability <1).42 Also, FDA guidance on adaptive trials mentions that “predictability can be mitigated
with an additional random component to prevent perfectly deterministic treatment assignment”.47 All 50 trials discussed
in Section 3.6 used a stochastic minimization algorithm.

• Function used to minimize imbalance: The variance method is commonly used, as it is simple to implement
(Section 2.2.3.). For other choices of functions, see Pocock and Simon.45

• Missing values: In most situations, no missing values will be allowed for the minimization factors at the time of ran-
domizing a patient. If a missing value is likely to occur for some of the factors, then it is advisable to add a factor level
to allow for this possibility. As an example, in a trial for patients with community-acquired pneumonia, the pathogenic
origin of pneumonia being bacterial or viral has a large impact on the outcomes of interest. However, for some patients,
the pathogen may not yet be identified at the time of randomization, hence a category “unknown” may prove to be use-
ful in order not to lose these patients. These are rare situations, and it is generally advisable to use only minimization
factors that are completely known at the time of randomization.

5.2 Unequal allocation ratios

Unequal allocation ratios can cause serious problems when minimization is used.10 A “naïve” minimization algorithm
can lead to allocation ratios that differ substantially from the target ratio. A modified minimization algorithm known
as “biased-coin minimization” was proposed to achieve any allocation ratio.52 However, this algorithm was criticized
because it does not use the desired allocation ratio at every allocation step,78 which can cause the unconditional ran-
domization distribution of a test statistics to be shifted away from 0, causing low power of the randomization test and
problems when interpreting study results.10,78 An algorithm that keeps the allocation ratio at every allocation step, known
as “allocation-ratio-preserving, biased-coin minimization”, is essentially equivalent to creating as many virtual treatment
groups as needed to obtain the desired allocation ratio, and then combining identical treatment groups.78 For instance,
if patients need to be randomized in a 2:1 allocation ratio between two treatment groups A and B, one can simply ran-
domize patients equally between three virtual groups A1, A2, and B (ie, using a 1:1:1 allocation ratio), and then combine
virtual treatment groups A1 and A2 to form a single actual treatment group A. If the algorithm creates treatment balance
in each of three virtual groups, balance will also be obtained in the two actual treatment groups.

5.3 Confidence intervals when using randomization tests

In this section, we briefly touch upon the randomization-based confidence interval estimation. More details can be found
in the recent tutorial by Wang and Rosenberger.79

In contrast to a classical population-based approach, the one-to-one correspondence between hypothesis tests and
confidence intervals does not exist for a randomization approach. Instead, the confidence interval can be computed using
a whole set of related tests, and the mathematical model of the treatment difference is introduced without involving

 10970258, 2023, 28, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.9916 by U
niversiteit H

asselt, W
iley O

nline L
ibrary on [16/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



5306 COART et al.

an assumed population distribution.79 Moving from hypothesis testing to confidence interval estimation, the P-value is
evaluated across many sizes of treatment effect, say Δ, a treatment difference that is postulated for all patients in the
study. The relationship between P-values and the coverage probability of the confidence interval is then utilized. For a
constant additive effect Δ, the confidence interval from randomization tests is a set of Δ values for which the hypothe-
sis HΔ is not rejected at the prescribed significance level.80,81 Under HΔ, the probability of rejecting HΔ is understood
as a generalized version of the type-I error rate.82 Thus, the set of Δ values for which HΔ would not be rejected at
level α can be regarded as a 100(1 − α)% interval estimate for the treatment difference. Wang and Rosenberger pro-
pose two approaches to estimate the boundaries of the randomization interval79: a stochastic approximation method
(the Robbins-Monro algorithm, adapted from Garthwaite83) and a numerical approximation method (the bisection
method).

5.4 Validation and documentation

Minimization is often offered as part of a computerized (web-based) randomization and trial supply management system.
Software developers typically configure the system using standard validated modules to adapt it to the specific require-
ments of a trial. A validation specialist validates the system using approved test scripts, and a biostatistician validates the
minimization algorithm according to the trial protocol.84 Once the system is operational, it is good practice to have an
unblinded biostatistician performing monthly checks to ensure the randomization balance is correct. This holds true for
any randomization algorithm.

Regulatory agencies have issued general guidance documents regarding computer system validation.85,86 The Euro-
pean Medicines Agency also has a specific reflection paper on the use of interactive response technologies.87 The guidance
includes considerations about:

• accessibility of the system (ideally 24 hours a day, 7 days a week)
• definition of access permissions
• procedures for emergency unblinding (usually in the exceptional circumstance for which the patient safety requires

the treatment to be known to the investigator)
• disaster recovery system, and description of back-up systems in case of power or Internet failures

⚬ manual interventions if required, along with appropriate documentation88

⚬ it is particularly important to put in place clear procedures for handling randomization errors, as these occur even
in the best controlled environments. Useful guidance in this respect is provided by Yelland et al.89

• provision of a readily accessible, protected audit trail

It is good practice for the statistician programming the randomization test to first reproduce the actual treatment
allocation in the statistical analysis software, with the same random seed used in the minimization software. This ensures
that the programmed randomization procedure matches the actual allocation procedure.

5.5 Recommendations for reporting

The method of treatment allocation is of vital importance in randomized trials, yet this aspect of the trial design is usually
mentioned in a cursory manner, if at all, in published reports.90 The validity of the procedure used to allocate treatments
to patients can only be assessed indirectly from a trial’s reported results. A comparison of treatment groups with respect to
important prognostic factors, for instance, can reveal the presence of accidental or selection bias. For instance, treatment
allocation in the SYMPHONY trial was criticized by a vigilant reader who observed that “the imbalances observed are
incompatible with the method described”.91 In their reply, the authors explained that the imbalance observed was due
to the fact that patients had been randomized in multiple centers, arguably an important design feature that was not
mentioned in their published report.92 Presence of imbalances does not automatically imply bias, nor does absence of
observed imbalances rules out bias. This important topic is covered in great detail in the book by Berger.31
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COART et al. 5307

When balanced or dynamic randomization procedures are used, details must be given on the prognostic factors
considered in the randomization, the algorithm used, and all other implementation details so that the reader can recon-
struct the process as fully as possible, following CONSORT recommendations.46 Insufficient details are likely to induce
criticism or skepticism. For minimization, the essential details to be disclosed are the factors included in the minimiza-
tion, the cut-off values used to categorize continuous variables, the criterion used to minimize overall imbalance (range
or variance), the bias 𝛽 used to favor the treatment group(s) minimizing the imbalance criterion (see Section 2.2.3 for
details), and further details used to address specific situations, for example, unequal allocation ratios. This said, in order
to avoid predictability of future treatment allocations, most details on the exact algorithm should not be documented in
the trial protocol but in a separate document kept concealed from the study team and investigators. For the same reason,
all information on study progress by treatment arm (such as numbers of patients by treatment arm in each center, overall
or within stratification factor levels) should not be shared with study the team and investigators. Without sharing of such
information, it is highly unlikely that any investigator in a multicenter trial will have access to all information needed to
predict the allocation probabilities for the next patient.

5.6 Open software for minimization

OxMAR is an online system that can be accessed from anywhere using any device which can look at a web page.93 The
system uses a series of Perl scripts. The result of the allocation procedure (minimization if desired) is stored in a text
file, is output to a webpage and is emailed to the user and study administrator. Further details are available at https://
sourceforge.net/projects/oxmar/. MinimPy is a free, open-source desktop application for “managing the whole process of
minimization”. The MinimPy program is written using Python. The program is freely available for download under GPL
license. Further details are available at https://pypi.org/project/MinimPy/. The R-package Minirand generates random-
ization schedules for two or more treatment arms and any allocation ratio by minimization algorithms.94 The package
can be freely downloaded at https://cran.r-project.org/web/packages/Minirand/index.html. The recent R-package carat
supports six covariate-adaptive randomization procedures and three hypothesis-testing methods. Additionally, the pack-
age provides efficient tools for evaluation and comparison of the performance of randomization procedures and tests
under different assumptions. The package can be freely downloaded at https://cran.r-project.org/web/packages/carat/
index.html.

6 DISCUSSION

Table 9 summarizes the advantages and disadvantages of minimization, which indeed does an excellent job at achieving
balance across many factors simultaneously. The main reason for aiming at such balance is to increase the perceived sci-
entific validity of the study outcome by stakeholders, including regulatory and HTA agencies. All procedures aimed at
improving balance make a tradeoff, and the nature of the tradeoff depends on the study characteristics (use of masking,
knowledge of baseline covariates, etc.). Although balanced treatment allocation is not strictly necessary (see Section 2.1.4),
a study with accidental confounding (even if with correctly implemented randomization) will be unsatisfactory in many
respects, as pointed out by Efron.53 This has indeed been confirmed in actual clinical trials.95 As for all restricted random-
ization schemes, the predictability of the next allocation will be larger with minimization than with completely random
allocation if details about enrolled patients are shared and caution should be taken to avoid potential selection bias. How-
ever, predictability and potential selection bias should not be an issue in well-conducted multicenter trials. For these
reasons, the trade-off between treatment balance and predictability is most often in favor of achieving balance in well
controlled multicenter trials.96

Flexibility is a clear advantage of minimization that is important in practice: the procedure “self-adapts” to any situa-
tion in terms of number of prognostic factors, number of categories for these factors, target sample size, and center-specific
sample sizes, which are usually hard to predict. This may explain why minimization is in common use in oncology, where
randomized trials considerably vary in size (from a few dozen patients in phase 2 trials to a few thousand in phase 3), and
in the number and size of participating centers. In contrast, stratified blocked allocation requires careful assessment of
the number of factors that can be stratified for, to avoid partially filled blocks and overall imbalances. Minimization can be
considered a valid alternative to permuted-block randomization when the number of strata becomes too large. For small
trials, minimization can be an advantageous alternative to simple randomization. Importantly, stochastic minimization
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T A B L E 9 Main advantages and disadvantages of minimization.

Advantages Disadvantages

• Ensures good balance for possibly many prognostic factors

• Does not generate any deterministic treatment allocation
(unlike permuted block designs)

• Self-adapts to any situation in terms of number of factors
and/or sample sizes

• Can use continuous covariates for balancing

• Balances over prognostic factor margins and not over strata.

• Dynamic method, hence randomization lists cannot be gen-
erated in advance and requires software for implementation

• Requires a randomization test for the analysis

does not have deterministic treatment allocations, whereas permuted blocks within strata lead to some deterministic
allocations. This flexibility includes the use of continuous covariates for balancing in addition to factors. Recently, the
theoretical framework for inference when directly handling continuous variables for balancing has been explored, which
may lead to implementing minimization procedures with both categorical and continuous variables.14,97

The flexibility of the minimization algorithm comes at the cost of requiring a software to implement the dynamic
treatment allocation. For unequal allocation ratios, it is important to apply a procedure that uses the desired allocation
ratio at every allocation step, and “allocation-ratio-preserving, biased-coin minimization” is a simple procedure satisfying
this condition.

The theoretical framework for inference after minimization was established, demonstrating that asymptotic tests con-
trol the type-I error probability, and can even be conservative if the analysis is not stratified for all balancing factors.11-13 In
practice, randomization tests may still be required to assuage any concerns about the validity of the treatment-allocation
procedure when minimization is used. Nowadays, performing several thousands of simulations (rerandomizations) for
a randomization test is easily computationally feasible. As shown here and in other studies, such simulations have
shown both preservation of the type-I error probability and good power of randomization tests, for trials of different
sizes and with different number of minimization factors and levels.63,98 In addition, a randomization test based on the
random assignment model99 preserves the type-I error probability in the presence of time trends,73,100 whereas asymp-
totic tests do not control the probability in case of time-drift for which no adjustment is made in the analysis. Moreover,
randomization-based inference is valid in a minimization context independently of a correctly specified model.1 All these
properties render the randomization test a sound primary analysis method for clinical trials using minimization. As
argued by Berger, randomization-based tests are in general robust and valid alternatives to likelihood-based tests and
should be considered more frequently by clinical investigators.27 Of note, the choice of a test should be based on the same
reasoning whether minimization is used or any other type of restricted design (eg, stratified permuted block design). In
practice, asymptotic tests are used uncritically regardless of the treatment allocation method. We and others have shown
that asymptotic tests safeguard the type-I error probability for trials using minimization11-13,63,64,75 so the practice is not
expected to increase the number false-positive trials.

A concern sometimes expressed with minimization is that by forcing balance on a few factors used in the procedure,
accidental bias can be created for factors not used (including unknown factors which by definition cannot be used). Taves
argued that this concern is unfounded.44 Aickin elaborated on Taves’ argument that minimization could only produce
better balance, on average, than completely random allocation: it would have no effect on factors uncorrelated to the
factors used in minimization, and it would tend to produce better balance for factors correlated to the factors used.66 This
was theoretically shown recently67 and hence the balance of factors not used in the allocation procedure is no longer of
concern for the use of minimization.

Minimization is versatile and can be used advantageously in many situations, but it is especially useful when (1) many
baseline factors are known to have a major impact on the patient’s prognosis, (2) many centers accrue patients into the
trial, and the centers may contribute very different numbers of patients, or (3) the trial sample size is small (less than 100
patients) to medium (a few 100 patients). If any of these three conditions holds, minimization may be preferred to simple
randomization, or to stratified blocked allocation. As Aickin stated: “In small studies, or large studies with many impor-
tant prognostic covariates or analytic subgroups, design-adaptive allocation is an extremely attractive method of treatment
assignment”.66
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