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Abstract 22 

Background 23 

The Randomised Evaluation of COVID-19 Therapy (RECOVERY) trial is aimed at addressing the urgent 24 

need to find effective treatments for patients hospitalised with suspected or confirmed COVID-19.  25 

The trial has had many successes, including discovering that dexamethasone is effective at reducing 26 

COVID-19 mortality, the first treatment to reach this milestone in a randomised controlled trial. 27 

Despite this, it continues to use standard or `fixed’ randomization (FR) to allocate patients to 28 

treatments. We assessed the impact of implementing response adaptive randomization (RAR) within 29 

RECOVERY using an array of performance measures, to learn if it could be beneficial going forward. 30 

This design feature has recently been implemented within the REMAP-CAP trial. 31 

Methods 32 

Trial data was simulated to closely match the data for patients allocated to either standard care or 33 

dexamethasone in the RECOVERY trial from March-June 2020, representing two out of five arms 34 

tested throughout this period. Two forms of FR and two forms of RAR were tested. Randomization 35 

strategies were performed at the whole trial level as well as within three pre-specified patient 36 

subgroups defined by patients’ respiratory support level.  37 

Results 38 

RAR strategies led to more patients being given dexamethasone and a lower mortality rate in the 39 

trial.  Subgroup specific RAR reduced mortality rates even further.  RAR did not induce any 40 

meaningful bias in treatment effect estimates, but reduced statistical power compared to FR, with 41 

subgroup level adaptive randomizations exhibiting the largest power reduction.  42 

Conclusions 43 
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Using RAR within RECOVERY could have resulted in fewer deaths in the trial. However, a larger trial 44 

would have been needed to attain the same study power. This could potentially have prolonged the 45 

time to full approval of the drug, unless RAR itself led to an increased recruitment rate. Deciding 46 

how to balance the needs of patients within a trial and future patients who have yet to fall ill is an 47 

important ethical question of our time. RAR deserves to be considered as a design feature in future 48 

trials of COVID-19 and other diseases. 49 

Keywords: COVID-19, RECOVERY, response-adaptive randomization, REMAP-CAP, coronavirus, 50 

adaptive trial, platform trial, simulation 51 

Background 52 

Coronavirus disease 2019 (COVID-19) is a condition caused by the severe acute respiratory 53 

syndrome coronavirus 2 (1).  On March 11 2020, the global incidence and virulence of COVID-19 met 54 

the criteria for the World Health Organisation to declare it a pandemic (2). At the time of writing, the 55 

disease has caused 200 million cases and 4 million deaths worldwide (3). Furthermore, some 56 

patients who contracted COVID-19 report experiencing long covid, a condition consisting of many 57 

symptoms such as profound fatigue that can persist long after the initial infection has passed (4). It 58 

has been estimated there are around two million people in the UK who have suffered from long 59 

covid (5). The effects of the pandemic have been far reaching and extend beyond just those infected. 60 

For example, many patients with suspected cancer are not receiving appropriate early management, 61 

which experts believe will lead to increased mortality as their condition remains untreated (6). 62 

Likewise, the pandemic has been noted to increase and exacerbate mental health problems such as 63 

stress and anxiety (7). In terms of the wider societal impact, the pandemic has also led to a sharp 64 

increase in extreme poverty, 1.5 billion students to miss out on education, and increasing food 65 

insecurity (8). 66 

When COVID-19 first emerged, very little was known about its pathophysiology and, as a result, 67 

clinicians were unsure which treatments would reduce COVID-19’s associated morbidity and 68 
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mortality. To address this, large scale randomized clinical trials were quickly designed, authorised, 69 

and initiated in patients with severe COVID-19 symptoms in a bid to find effective treatments. One 70 

of the most high profile examples is the Randomised Evaluation of COVid-19 ThERapY (RECOVERY) 71 

trial (9). It commenced on March 19 2020, eight days after the pandemic announcement, with the 72 

aim of discovering new treatments that are effective in reducing 28-day mortality in patients 73 

hospitalised with confirmed or suspected COVID-19(9). To date, 15 treatments have been trialled, 74 

most consisting of repurposed drugs (9). Nine treatments have had results published, and three of 75 

these have been declared successful: dexamethasone (10), tocilizumab(11) and REGENERON (12). 76 

When analysing the dexamethasone data, researchers found a statistically significant effect in all 77 

patients, where fewer patients died on dexamethasone (22.9%) compared to standard care (25.7%) 78 

(10), but also performed a stratified analysis in three pre-specified patient subgroups who received 79 

different levels of respiratory support at the time of randomization: (i) no oxygen, (ii) oxygen only, 80 

and (iii) oxygen through invasive mechanical ventilation. The subgroup analysis uncovered important 81 

treatment effect heterogeneity: The most severely ill patients in group (iii) received a larger benefit 82 

from taking dexamethasone compared to group (ii), while relatively stable patients in group (i) 83 

appeared to fare better with standard care (although this was not statistically significant) (10). These 84 

results are shown in Table 1. The National Institute for Health and Care Excellence issued guidelines 85 

based on this research, stating dexamethasone should be given to hospitalised patients with COVID-86 

19 if they require oxygen (13). 87 

 88 

Patient 

subgroup 

Number 

of 

patients 

Proportion 

of patients 

Number 

allocated 

standard 

care 

Number allocated 

dexamethasone 

Mortality 

on 

standard 

care 

Mortality on 

dexamethasone 

No oxygen 1535 23.9% 1034 501 14.0% 17.8% 
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Oxygen-

only 

3883 60.3% 2604 1279 26.2% 23.3% 

Invasive 

ventilation 

1007 15.7% 683 324 41.4% 29.3% 

 89 

Table 1: Mortality data for the RECOVERY trial stratified by patient group. 90 

RECOVERY is an excellent example of a modern adaptive platform trial  (14). Unlike a traditional trial 91 

where all design aspects (including the treatments to be compared and the sample size) must be 92 

decided before the trial commences, adaptive platform trials have the freedom to continue 93 

indefinitely. Whilst the trial is ongoing, new experimental treatments can be added and tested, old 94 

experimental treatments showing little benefit can be dropped and effective experimental 95 

treatments can be `graduated’ to become the de-facto standard of care. Many adaptive trial designs 96 

exist, but their common aim is to be more flexible and resource efficient.   Supporters of adaptive 97 

designs assert that they are more ethical (15), although this is not universally accepted (16). One of 98 

the most controversial features that can be incorporated into an adaptive trial is response-adaptive 99 

randomization (RAR). RECOVERY did not incorporate this, preferring instead to use standard `fixed’ 100 

randomization (FR) probabilities when allocating patients to experimental or standard care arms 101 

during the trial. Under a RAR scheme, allocation generally starts in a FR state, randomising patients 102 

to all trial arms with equal probability. RAR subsequently facilitates the adaptation of the allocation 103 

ratio, as interim analyses begin to show that there is a genuine difference between outcomes in the 104 

different arms, to favour treatments that have a higher estimated probability of a favourable 105 

outcome.  A recent example of a COVID-19 study that uses RAR is the Randomised, Embedded, 106 

Multi-factorial, Adaptive Platform Trial for Community-Acquired Pneumonia (REMAP-CAP) (17). This 107 

is a trial that aims to evaluate multiple interventions simultaneously for community acquired 108 

pneumonia but has a sub-platform, REMAP-COVID, created to assess COVID-19 treatments (18). 109 
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The aim of this paper is to investigate, by simulation, the possible benefit of applying RAR instead of 110 

FR to assign patients to either dexamethasone or standard of care in the RECOVERY trial. We 111 

hypothesised that applying RAR would reduce the number of deaths amongst trial participants by 112 

allocating more patients to their optimal treatment. To implement RAR, we use the REMAP-CAP 113 

algorithm as well as our own bespoke tuning algorithm. In different simulations we apply each RAR 114 

method across the whole patient cohort, and then separately within patient subgroups (i)-(iii).  We 115 

apply FR using allocation ratios of 1:1 and 2:1 (with respect to standard care: dexamethasone), with 116 

the latter having been used in RECOVERY. To quantify benefit, we focus on the following four 117 

metrics:  118 

• The proportion of patients allocated to each treatment; 119 

•  The expected number of deaths throughout trial;  120 

• The statistical power to detect a treatment effect in all patients and in patient subgroups;  121 

• The bias and mean squared error the treatment effect estimate.  122 

Methods 123 

Simulation set up 124 

The parameters of the simulation were selected to closely resemble the observed results of the 125 

RECOVERY trial. The original trial followed up a total of 6425 patients across the dexamethasone (N = 126 

2104) and standard of care (N = 4321) arms in 81 days between March 19 and June 8, 2020. At this 127 

point the trial was halted and results of its efficacy were published (10). To provide a means to 128 

implement RAR, patient outcome data was simulated for 100 days (or blocks) of 80 patients to give a 129 

total of 8000 patients. This sample size and trial duration intentionally exceeds that of RECOVERY, 130 

because it enables our study to evaluate the statistical properties of the design at both smaller and 131 

larger sample sizes than the actual trial. To match RECOVERY, 24%, 60% and 16% of each block were 132 

drawn from patient subgroups (i)-(iii), respectively.  Patient outcomes (Y) representing the primary 133 
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outcome of mortality at 28 days were generated from a Bernoulli distribution, where for patient 𝑖𝑖  134 

randomized in block 𝑗𝑗 in patient subgroup 𝑘𝑘, on treatment 𝑙𝑙: 135 

 136 

𝑌𝑌𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑙𝑙~ 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝑃𝑃𝑘𝑘,𝑙𝑙), 137 

where i = 1 ,…, 80, j = 1, … ,100, k = i, ii, iii, l = 0 (standard of care) and 1 (standard of care + 138 

dexamethasone). The values of 𝑃𝑃𝑘𝑘,𝑙𝑙 (the 28 day mortality rate) match the rates observed in 139 

RECOVERY (see Table 1). 140 

Randomization allocation strategies 141 

Six allocation strategies (two FR and four RAR) were investigated as part of this simulation. FR was 142 

investigated using both a 1:1 and a 2:1 standard care: dexamethasone ratio. Given the underlying 143 

outcome rates assumed in each trial arm are similar (Table 1), 1:1 allocation, or a 50% probability of 144 

receiving either, drug is near-optimal in terms of statistical power according to Neyman’s rule (19) 145 

(the exact value being a 51%/49% split). For further details see Technical Appendix A. The latter 1:2 146 

strategy was used in the RECOVERY trial. RAR was investigated using two randomization algorithms, 147 

our tuning algorithm (T) and the algorithm used in REMAP-CAP (RMC).  We use Tf and RMCf, to 148 

denote the RAR allocation procedures applied to trial patients across the full patient cohort. We use 149 

Ts and RMCs, to denote RAR allocation procedures applied within each patient subgroup. Specifically, 150 

the probability of patients in block j and subgroup k being allocated to the dexamethasone group 151 

given treatment and outcome data on all preceding patients in blocks 1,…,j-28 is denoted by αj,k, 152 

where: 153 
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𝛼𝛼𝑗𝑗.𝑘𝑘154 

=  

⎩⎪⎪
⎪⎪⎪
⎪⎨
⎪⎪⎪
⎪⎪⎪
⎧ 1

2
: 𝑓𝑓𝑓𝑓𝑏𝑏 1: 1 𝐹𝐹𝑖𝑖𝐹𝐹𝑏𝑏𝐹𝐹 𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑙𝑙 𝑅𝑅𝑒𝑒𝑏𝑏𝐹𝐹𝑓𝑓𝑅𝑅𝑖𝑖𝑅𝑅𝑒𝑒𝑅𝑅𝑖𝑖𝑓𝑓𝑏𝑏 (𝐹𝐹𝑏𝑏𝑅𝑅)

1

3
:𝑓𝑓𝑓𝑓𝑏𝑏 1: 2 𝐹𝐹𝑖𝑖𝐹𝐹𝑏𝑏𝐹𝐹 𝑒𝑒𝑏𝑏𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑙𝑙 𝑅𝑅𝑒𝑒𝑏𝑏𝐹𝐹𝑓𝑓𝑅𝑅𝑖𝑖𝑅𝑅𝑒𝑒𝑅𝑅𝑖𝑖𝑓𝑓𝑏𝑏 (𝐹𝐹𝑒𝑒𝑅𝑅)𝜃𝜃(1)𝑠𝑠𝜃𝜃(1)𝑠𝑠 + (1 − 𝜃𝜃(1))𝑠𝑠 :𝐶𝐶𝑓𝑓ℎ𝑓𝑓𝑏𝑏𝑅𝑅 𝑇𝑇𝑒𝑒𝑏𝑏𝑖𝑖𝑏𝑏𝑇𝑇 𝑒𝑒𝑙𝑙𝑇𝑇𝑓𝑓𝑏𝑏𝑖𝑖𝑅𝑅ℎ𝑅𝑅 (𝑇𝑇𝑓𝑓) 

� 𝜃𝜃(1)∑ 𝑏𝑏𝑗𝑗,1𝐽𝐽−28𝑗𝑗=1 + 1
(� 𝜃𝜃(1)∑ 𝑏𝑏𝑗𝑗,1𝐽𝐽−28𝑗𝑗=1 + 1

+ � 𝜃𝜃(0)∑ 𝑏𝑏𝑗𝑗,0𝐽𝐽−28𝑗𝑗=1 + 1
� ) ∶ 𝐶𝐶𝑓𝑓ℎ𝑓𝑓𝑏𝑏𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝐶𝐶𝑅𝑅𝑃𝑃 𝑒𝑒𝑙𝑙𝑇𝑇𝑓𝑓𝑏𝑏𝑅𝑅𝑖𝑖ℎ𝑅𝑅 �𝑅𝑅𝑅𝑅𝐶𝐶𝑓𝑓�𝜃𝜃𝑘𝑘(1)𝑠𝑠𝜃𝜃𝑘𝑘(1)𝑠𝑠 + �1 − 𝜃𝜃𝑘𝑘(1)�𝑠𝑠 : 𝑆𝑆𝑒𝑒𝑏𝑏𝑇𝑇𝑏𝑏𝑓𝑓𝑒𝑒𝑆𝑆 𝑇𝑇𝑒𝑒𝑏𝑏𝑖𝑖𝑏𝑏𝑇𝑇 𝑒𝑒𝑙𝑙𝑇𝑇𝑓𝑓𝑏𝑏𝑖𝑖𝑅𝑅ℎ𝑅𝑅 (𝑇𝑇𝑠𝑠)

� 𝜃𝜃𝑘𝑘(1)∑ 𝑏𝑏𝑗𝑗,𝑘𝑘,1𝐽𝐽−28𝑗𝑗=1 + 1
(� 𝜃𝜃𝑘𝑘(1)∑ 𝑏𝑏𝑗𝑗,𝑘𝑘,1𝐽𝐽−28𝑗𝑗=1 + 1

+ � 𝜃𝜃𝑘𝑘(0)∑ 𝑏𝑏𝑗𝑗,𝑘𝑘,0𝐽𝐽−28𝑗𝑗=1 + 1
� ) ∶ 𝑆𝑆𝑒𝑒𝑏𝑏𝑇𝑇𝑏𝑏𝑓𝑓𝑒𝑒𝑆𝑆 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑃𝑃𝐶𝐶𝑅𝑅𝑃𝑃 𝑒𝑒𝑙𝑙𝑇𝑇𝑓𝑓𝑏𝑏𝑅𝑅𝑖𝑖ℎ𝑅𝑅 (𝑅𝑅𝑅𝑅𝐶𝐶𝑠𝑠)

 155 

 156 

Where 𝜃𝜃(𝑙𝑙)  represents the posterior probability that treatment 𝑙𝑙 is  optimal  based on patients who 157 

have been in the trial for at least 28 days, either for the full cohort or for subgroup k (further details 158 

supplied in Technical Appendix B); 𝑠𝑠  is the proportion of trial stages completed at point of adaption; 159 

and 𝑏𝑏𝑗𝑗,𝑘𝑘,𝑙𝑙represents number of patients in stage k in the cohort/sub-group that have been allocated 160 

treatment  𝑙𝑙 . 161 

In addition, allocation probabilities in RAR schemes T and RMC were constrained by a maximum and 162 

minimum value according to the following rule: 163 

𝛼𝛼𝑗𝑗,𝑘𝑘 =  � 0.9 𝑖𝑖𝑓𝑓 𝛼𝛼𝑗𝑗,𝑘𝑘 > 0.9𝛼𝛼𝑗𝑗,𝑘𝑘 𝑖𝑖𝑓𝑓 0.1 ≤ 𝛼𝛼𝑗𝑗,𝑘𝑘 ≤ 0.9 

0.1 𝑖𝑖𝑓𝑓 𝛼𝛼𝑗𝑗,𝑘𝑘 < 0.1

 164 

Both the T and RMC RAR procedures used a “burn-in” period (a period where adaptive 165 

randomization was not applied) for the first 34 days of trial recruitment, meaning the first 2720 166 

patients or 34% of the trial were allocated in a fixed 1:1 ratio. Only after this point, new patients 167 

were allocated using RAR, with the αj,k ratio being updated every 7 days. Each simulation was 168 

performed 1000 times. 169 
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Trial metrics 170 

To assess the performance of the methods, the following summary measures were calculated across 171 

the 1000 simulated trials: 172 

• The expected or average number of patients allocated to Dexamethasone 𝑅𝑅[𝑁𝑁𝑑𝑑 ] 173 

• The expected or average number of deaths 𝑅𝑅[𝑁𝑁𝑌𝑌 ] at point where 6450 patients were 174 

allocated to a treatment, a number chosen due to its proximity to the 6425 patients 175 

recruited in RECOVERY. 176 

• The expected probability (or statistical power) of rejecting the null hypothesis of a zero 177 

treatment effect at the end of each block j = 1,…,100 in the trial,  𝑅𝑅[𝑅𝑅𝑏𝑏𝑗𝑗𝑗𝑗 ], calculated by 178 

∑ �𝑅𝑅𝑏𝑏𝑗𝑗𝑗𝑗 = 1 𝑖𝑖𝑓𝑓 𝑆𝑆 ≤ 0.05𝑅𝑅𝑏𝑏𝑗𝑗𝑗𝑗 = 0 𝑖𝑖𝑓𝑓 𝑆𝑆 > 0.05
𝑇𝑇𝑡𝑡=1 𝑇𝑇�  for trials t=1,…,1000. This was calculated using a logistic 179 

regression model. 180 

• The relative bias in the treatment effect estimate 𝑏𝑏𝑖𝑖𝑒𝑒𝑠𝑠𝑘𝑘 = 𝑅𝑅[
(𝑃𝑃�𝑘𝑘,0 −𝑃𝑃�𝑘𝑘,1)−(𝑃𝑃𝑘𝑘,0− 𝑃𝑃𝑘𝑘,1)

(𝑃𝑃𝑘𝑘,0− 𝑃𝑃𝑘𝑘,1)
] , where 181 

𝑃𝑃𝑘𝑘,𝑙𝑙 is the actual mortality rate and 𝑃𝑃�𝑘𝑘,𝑙𝑙  is the estimated mortality rate in subgroup k (1=(i), 182 

2=(ii), 3=(iii)) on treatment l (1 for dexamethasone, 0 for standard of care) from the trial. This 183 

bias is only calculated for RAR procedures, as only RAR induces bias in treatment effect 184 

estimates, as explained in technical appendix C. 185 

Summary 186 

To summarise, the simulation study investigated six treatment allocation methods: 187 

• 1:1 FR across all patients (FeR) 188 

• 1:2 FR across all patients (FuR) 189 

• T algorithm across all patients (Tf) 190 

• RMC algorithm across all patients (RMCf) 191 

• T algorithm within subgroups (i)-(iii) separately (Ts) 192 
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• RMC algorithm within subgroups (i)-(iii) separately (RMCs) 193 

 In order to benchmark the performance of each strategy in terms of overall mortality, the expected 194 

number of deaths,  𝑅𝑅[𝑁𝑁𝑌𝑌 ], is quantified under four theoretical strategies shown in Table 2. 195 

Strategies 1 and 2 describe allocation processes where the full cohort receives the same treatment, 196 

and therefore should be compared with Tf and RMCf allocation strategies. In contrast, strategies 3 197 

and 4 describe subgroup-specific treatment allocation and should be compared to Ts and RMCs. 198 

  199 

Strategy Description Expected 

mortality (%) 

1. Dexamethasone All patients given dexamethasone 1,477 (22.9%) 

2. Standard Care All patients given standard care 1,655 (25.7%) 

3. Sub-group 

optimal 

No oxygen group given standard care; other 

groups given dexamethasone 

1,419 (22.0%) 

4. Sub-group least 

optimal 

No oxygen group given dexamethasone; other 

groups given standard care 

1,713 (26.6%) 

Table 2: Theoretical strategies leading to the best and worst mortality rates on patients given standard care 200 

and dexamethasone 201 

 202 

Results 203 

Allocation ratios 204 

Both cohort RAR methods led to more patients receiving dexamethasone compared to either FR 205 

approach. Tf led to slightly more patients receiving dexamethasone than RMCf.  When considering 206 

subgroup-specific RAR, each subgroup has its own trend. In subgroup (i), both adaptive methods 207 

allocate slightly less patients to standard care compared to FuR, with Ts allocating standard care to 208 
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the most patients. In subgroups (ii) and (iii), the RAR algorithms allocate mainly to dexamethasone, 209 

with RMCs allocating dexamethasone to the most patients. However, the treatment allocation 210 

disparity is much larger in the subgroup (iii). These differences are demonstrated in Figure 1. 211 

 212 

 213 

 214 

 215 

Figure 1: Allocation proportions within the full cohort and within each patient subgroup for all FR and RAR procedures. 216 

Horizontal blue line shows n = 6400, the sample size of RECOVERY 217 

The RAR algorithms also differ in how they “ramp up” allocation to the optimal treatment as the trial 218 

progresses. Tf increases randomization to the optimal treatment at a steadier rate from the end of 219 

the burn-in period, whereas RMCf increases randomization faster in the early trial stages but also 220 

plateaus earlier. This is consistent with the pattern in subgroup-level RAR methods, Ts and RMCs, for 221 

subgroups (i) and (ii). However, in subgroup (iii), the RMCs algorithm ramps up allocation to 222 

dexamethasone faster across the whole trial. This is demonstrated in Figures 2 and 3. 223 
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  224 

 225 

Figure 2:The proportion of patients receiving dexamethasone across the trial for FR and cohort-level RAR frameworks. 226 

Vertical line at 42.5% trial progress represents the end of the burn-in period. 227 

 228 

 229 

 230 
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 231 

Figure 3: the allocation of patients to dexamethasone and no treatment in Ts and RMCs. Vertical line at 42.5% trial progress 232 

represents the end of the burn-in period. 233 

Mortality rates 234 

FR led to the highest number of expected deaths (with FuR being worse than FeR).  This was 235 

followed by cohort-level RAR, with the lowest mortality rates observed when using subgroup-236 

specific RAR. There was little difference between the randomisation algorithms, with RMCf and RMCs 237 

attaining a marginally lower mortality rate than Tf and Ts respectively. The expected mortality figures 238 

are given in Table 3, expressed as deaths prevented relative to FuR. 239 

Randomization strategy Average no. of deaths at n = 

6400 (percentage) 

Deaths prevented compared 

to FuR at n =6400 

FuR 1583 (24.7%) - 

FeR 1556 (24.3%) 27 

Tf 1528 (23.9%) 55 

RMCf 1527 (23.9%) 56 
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Ts 1516 (23.7%) 67 

RMCs  1514 (23.7%) 69 

 240 

Table 3: Expected mortality rates in whole trial for each randomization method, given at point that RECOVERY 241 

trial was finished.  242 

Statistical power  243 

FeR led to the highest study power on a cohort level, as predicted by Neyman’s rule. FuR, Tf and 244 

RMCf all performed similarly, with FuR having slightly more power by the end of the simulation and 245 

at the point where the simulation has almost the same sample size as RECOVERY. Comparing the 246 

cohort RAR algorithms, RMCf performs slightly better than Tf in most points of the trial. These results 247 

are shown in Figure 4. 248 

 249 

 250 

 251 
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Figure 4: Comparing fixed randomization and cohort-level adaptive randomization approaches in terms of study power 252 

across the length of the trial.  253 

For subgroup-specific RAR procedures, the difference in power is minimal between randomization 254 

approaches; both RMCs and Ts produce similar power at all stages. However, there is notable 255 

differences between subgroups. Subgroup (iii), for whom the treatment effect is largest, has the 256 

highest power and is the only subgroup where the trial reaches 90% power during the study. The 257 

other two groups don’t reach 80% power by the end of the study. This is demonstrated in Figure 5. 258 

 259 

 260 

Figure 5: Expected power at each trial stage using subgroup-specific adaptive randomization.  261 

Bias in mortality rate estimation 262 

The bias associated with using cohort RAR procedures is shown for all stages of the trial in Figure 6 263 

and in sub-group specific and cohort RAR at the point where the trial reaches the sample size 264 

observed in RECOVERY in Figure 7. Both RMCf and RMCs are associated with higher bias than Tf and 265 
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Ts.  Sub-group specific RAR results show bias is lowest in subgroup iii for both algorithms, with 266 

subgroup i having the highest bias for the Ts algorithm and subgroup ii having the highest bias for the 267 

RMCs algorithm 268 

  269 

 270 

 271 

Figure 6: Bias in calculating treatment effect across the trial using the cohort RAR approaches.  272 
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 273 

 274 

Figure 7: Bias of treatment effect estimates in the full cohort and each subgroup using the four RAR schemes (Tf, RMCf, Ts, 275 

RMCs) at the sample size observed in RECOVERY (6425).  276 

 277 

Discussion 278 

Understanding the results 279 

It is important to consider why the different approaches led to different mortality rates. Full cohort 280 

RAR approaches led to more patients receiving dexamethasone, which was shown to be superior to 281 

standard care in most patients, and therefore led to fewer deaths overall in the trial simulation. 282 

Subgroup RAR approaches improved mortality even further because they allowed more patients in 283 

subgroup (i) to receive standard care and allowed dexamethasone allocation in subgroup (iii) to be 284 

ramped up even faster. 285 
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Study power is important because it indicates how many patients are likely to be required to reach 286 

statistically significant results. Moreover, in the context of the pandemic, it would mean publishing 287 

positive results earlier which would lead to earlier use of the treatment in a real-world context. FeR 288 

showed the most study power. This is to be expected as Neyman’s allocation formula indicated that 289 

the optimal allocation for study power is almost 1:1 (19). More generally, the power of all FR and 290 

cohort RAR strategies was seen to be inversely proportional to how much their average allocation 291 

ratio skewed away from 1:1. Although both FR approaches have more power than the cohort RAR 292 

approaches, it is important to mention FuR, the approach used in the RECOVERY trial, is only 293 

marginally more powerful despite leading to the most in-trial deaths. Nevertheless, the original 294 

RECOVERY trial still arguably benefitted from a larger control group because it had as many as five 295 

treatments trialled at any one time that would be compared to it. 296 

Wider implications 297 

Our results illustrate the trade-off in reducing patient deaths within the trial using RAR and getting 298 

statistically significant results earlier using FR. On one hand, publishing results earlier almost 299 

certainly led to lower overall deaths outside the trial. Patients in RECOVERY accounted for only 15% 300 

of all patients with COVID-19 in hospitals (20), and the subsequent use of dexamethasone has 301 

already been estimated to have saved a million lives globally (21). On the other hand, RAR designs 302 

have been shown to improve trial recruitment, precisely because patients understand they have a 303 

higher chance of receiving a well-performing treatment. (22). This could have arguably increased the 304 

sample size available to counteract any loss of power. Article 8 of the World Medical Association 305 

Declaration of Helsinki states that the goal of acquiring knowledge must not come before trial 306 

participants’ interests (23), but a case can be made that FR procedures do just that.  307 

There is no doubt that the implementation of RAR in a trial is more challenging than FR. This is 308 

especially true for subgroup specific RAR. While the subgroups used were declared before the start 309 

of the trial, it would be impossible to know that the treatment effect would be different across the 310 
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three groups, or whether other pre-specified subgroups should have been split for RAR instead. 311 

Using RAR at the subgroup level means splitting the sample, leading to smaller sample sizes in each 312 

group. This led to a low statistical power for subgroup (i) but a higher power for subgroup (iii) due to 313 

the large treatment effect. This meant that the subgroup where the treatment effect is greatest 314 

would benefit most from RAR. 315 

Limitations 316 

One important part of the model that remains unaccounted for is patient drift. Patient drift occurs 317 

when the trial cohort’s characteristics, and therefore their likelihood of responding to a treatment, 318 

changes throughout the course of a trial (24). When using FR, the effect of patient drift will be 319 

minimised as any changes will be independent of treatment arm allocation (e.g. if patients present 320 

later in the trial had fewer comorbidities, both the standard care and dexamethasone groups would 321 

have exhibited lower mortality rate). This is not the case when using RAR because arms that 322 

performs better will receive a larger proportion of the patients as the trial progresses. Consequently, 323 

when calculating response rates, it must be noted that the characteristics of patients could 324 

potentially be unbalanced across arms. Throughout the pandemic, data shows the type of people 325 

susceptible to catching COVID-19 has changed dramatically. This occurred in terms of age-groups, 326 

ethnicities, socio-economic class, and geography (25). Likewise, the virus itself is likely to have 327 

changed, as mutations occur, and as different claves and variants become more common (26). 328 

Resources in treating the pandemic may also change, affecting how likely patients are to survive. For 329 

example, the typical care that COVID-19 patients get varies as clinical knowledge in treating the 330 

disease improves. Additionally, if more ventilators are procured or there are fewer COVID-19 331 

patients in a hospital, a larger proportion of patients may be placed on ventilators by doctors. This 332 

has the dual effect of making the full cohort more likely to survive as more patients can receive 333 

adequate respiratory support and making the ventilator sub-group healthier as ventilators do not 334 

have to be reserved for only the most critical patients. Therefore, had RAR been applied, it is likely 335 
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the death rate would be skewed by the confounding effect of difference in patient, illness, and 336 

management characteristics. 337 

Also notable is the simplicity of the simulation. RECOVERY has multiple trial arms, with arms being 338 

dropped and added dynamically. In contrast, we simulated it as a two-arm trial. Furthermore, for 339 

simplicity in the simulation, patient outcomes are generated in uniform batches. This contrasts with 340 

what happened in RECOVERY as, the number of hospitalised patients available to recruit varied 341 

significantly throughout the trial period, and this would have affected how RAR worked. There was a 342 

sharp decrease in hospitalised patients towards the end of the recruitment period (27). This would 343 

have likely meant that there would be more information attained at the start of the trial, and 344 

therefore the proportion of patients randomised to dexamethasone would have increased faster 345 

than it did in the simulation.  Although our simulation study was simplistic, we believe the results 346 

paint a broadly accurate picture of how the operating characteristics of RECOVERY would differ using 347 

FR and RAR procedures. 348 

Conclusion 349 

Using RAR within RECOVERY could have resulted in more patients being given the optimal 350 

treatment, and therefore fewer deaths in the trial. The benefits of RAR were even more pronounced 351 

when used within pre-specified subgroups. However, more patients would have been required to 352 

attain the same study power under RAR, leading to a longer trial period (assuming the same 353 

recruitment rate). Bias in treatment effect estimation arises in RAR trials, but only to a negligible 354 

extent. The use of RAR deserves to be considered for use in future platform trials.  The trade-off in 355 

balancing the needs of patients within and beyond the trial should be acknowledged by trialists 356 

more clearly, and patient groups themselves consulted before deciding what balance to strike. 357 

List of abbreviations 358 

RAR – Response Adaptive Randomization 359 
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FR – Fixed Randomization 360 

COVID-19: coronavirus disease 2019 361 

RECOVERY – Randomised Evaluation of COVID-19 Therapy 362 

REMAP-CAP – Randomised, Embedded, Multi-factorial Adaptive Platform Trial for 363 

Community Acquired Pneumonia 364 
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FuR – Fixed unequal Randomization 366 

Tf – Tuning protocol on the full patient cohort 367 

RMCf  – REMAP-CAP  randomization protocol on the full patient cohort 368 
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RMCs – REMAP-CAP randomization protocol on each subgroup individually 370 
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Technical appendix 402 

Technical Appenix A: Neyman rule for optimal allocation 403 

Neyman allocation is a procedure that maximises study power for two arms given their estimated 404 

binary response rates (19). Rosenberger et al. (19) shows that optimal allocation ratio to treatment 1 405 

for maximising power can be given by:
�𝑃𝑃�1�𝑃𝑃�1+ �𝑃𝑃�0. In the case of the RECOVERY trial, 𝑃𝑃�1is the mortality 406 

rate on dexamethasone (22.9%) and 𝑃𝑃�0is the observed mortality rate on standard care (25.7%). 407 

Substituting these into the equation indicates that 49% of patients should receive dexamethasone to 408 

maximise the power of the study. Substituting the mortality rates on each treatment for the 409 

subgroups i, ii and iii (found in Table 1), the optimal allocation ratios to dexamethasone would be 410 

53%, 49% and 46% respectively. 411 

 412 

Technical Appendix B: Calculating the posterior outcome probability 413 

To calculate the posterior probability that one treatment arm yields superior results to the other, a 414 

Bayesian beta-binomial model was assumed for each trial arm. The prior beta distribution can be 415 

given as 𝜋𝜋(𝑆𝑆|𝛼𝛼,𝛽𝛽) =  
1𝐵𝐵(𝛼𝛼,𝛽𝛽)

𝑆𝑆𝛼𝛼−1(1 − 𝑆𝑆)𝛽𝛽−1, where 𝐵𝐵(𝛼𝛼,𝛽𝛽) =  ∫ 𝑆𝑆𝛼𝛼−1(1 − 𝑆𝑆)𝛽𝛽−110 𝐹𝐹𝑆𝑆 and 416 

represents the Beta function. α and β are set to one. The binary outcome of each patient is mortality 417 

within 28 days after randomization and can be regarded as an independent Bernoulli trial. 418 

Therefore, a sample of n patients follows a binomial distribution, such that 𝑓𝑓(𝑦𝑦|𝑆𝑆) =419 

 �𝑛𝑛𝑦𝑦�  𝑆𝑆𝑦𝑦(1 − 𝑆𝑆)𝑛𝑛−𝑦𝑦, where n is the total number of patients and y is the number of successes (or 420 

deaths within 28 days of randomization). Combining these distributions creates the posterior 421 

probability density function π(p│y), given as 
1𝐵𝐵(𝑦𝑦+𝛼𝛼,𝑛𝑛−𝑦𝑦+𝛽𝛽)

𝑆𝑆𝑦𝑦+𝛼𝛼−1(1 − 𝑆𝑆)𝑛𝑛−𝑦𝑦+𝛽𝛽−1, which is a 422 

beta(y+ α, n - y + β) distribution. 423 



24 

 

The parameters indexing the posterior beta distribution are therefore  𝛼𝛼 = 𝑦𝑦 + 𝛼𝛼 and 𝛽𝛽 = 𝑏𝑏 − 𝑦𝑦 +424 𝛽𝛽. From this we can create a beta posterior distribution at each point of the interim analysis i = 425 

1,…,100 for each trial arm j = 0 (dexamethasone), 1 (standard care), and 100 points k = 1,…,100. To 426 

estimate, for example, the posterior probability that the posterior mean for arm 0 is greater than the 427 

posterior mean of arm 1, we randomly generate 100 draws from each distribution and count the 428 

proportion of times that the arm 0 draw is the largest. 429 

Technical Appendix C: Bowden and Trippa rule for bias following a RAR procedure 430 

In general, FR schemes lead to unbiased estimates of the treatment effect. Conversely, RAR 431 

procedures induces bias into the treatment effect estimate, because the sample size of the trial arm 432 

becomes positively correlated with the estimate itself (28).  Specifically, the bias of a proportion 433 

parameter is given by: 434 

𝐶𝐶𝑓𝑓𝐶𝐶�𝑏𝑏𝑗𝑗 ,𝑃𝑃�𝑗𝑗�𝑅𝑅�𝑏𝑏𝑗𝑗� = 𝑃𝑃𝑗𝑗 − 𝑅𝑅�𝑃𝑃�𝐽𝐽� =  −𝐵𝐵𝑖𝑖𝑒𝑒𝑠𝑠(𝑃𝑃�𝑗𝑗) 435 

Where nj is the sample size of treatment arm j, Pj is the true mortality rate in treatment arm j, and 436 

,𝑃𝑃�𝑗𝑗  is the estimated mortality rate in treatment arm j based on trial data. 437 

 438 

 439 
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