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Abstract 

 

Background 

Effective prediction and monitoring of recruitment in randomised controlled trials (RCTs) is critical to ensuring the target sample size is met, with 37% of trials failing to do so. This research aimed to identify various statistical methods for predicting recruitment during the design stage of an RCT and implement them using case study trials, with a view to determining which method is more appropriate. 
 

Methods 

Various deterministic, Poisson and Bayesian methods were identified and applied to data from six previously conducted RCTs, with varying numbers of participants recruited, sites opened, durations and recruitment outcomes. 
 

Results 

Poisson methods were found to be more appropriate for obtaining predictions at the design stage of a trial. They produced confidence intervals to model uncertainty, unlike deterministic methods, and exhibited narrower intervals than Bayesian methods using informative priors. For single-centre trials, a homogeneous Poisson process was recommended, whilst a non-homogeneous Poisson process could be more suitable for multicentre trials. However, the non-homogeneous approach yielded more conservative estimates and required site-specific start dates, which may be less readily available at the design stage. Limitations included a lack of usable software for method implementation, difficulties with parameter elicitation, and a lack of additional data required to implement more complex methods, all of which may hinder the 
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application of statistical methods for predicting recruitment which occurs in only 10% of RCTs. 
 

Conclusions 

To enhance transparency and reproducibility, it is recommended that RCTs publish the methods and parameters used in recruitment predictions. This may improve their accuracy, thereby reducing the cost and minimising the research waste associated with insufficient recruitment. Further research across a wider range of trials and methods may also be required due to the complexity of factors which influence recruitment and the variability in the accuracy of statistical methods across trials. 
 

 

Key words: Recruitment prediction; statistical methods; randomised controlled trial 
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Background 

 Failure to recruit to the target sample size in randomised controlled trials (RCTs) is the leading cause of trial discontinuation [1]. This can compromise both internal and external validity and generate research waste, where patients are unnecessarily exposed to or withheld from treatments with no valuable information acquired from the trial [2]. During the 2022-2023 period, the National Institutes of Health (NIH) financed $49 billion for medical research [3], and the National Institute for Health and Care Research (NIHR) granted £450 million to research projects, the majority of which were RCTs [4]. This highlights the critical importance of achieving recruitment targets to prevent the need for additional time and financial extensions. 
 The most recent review of recruitment in RCTs found that 37% of 379 trials published in the NIHR Journals Library between 1997 and 2020 did not recruit to their target sample size, with 20% needing to revise their target downwards [5]. Previous studies reported higher failure rates, with 69% of 114 trials funded by the UK Medical Research Council (MRC) [6] and 44% of 151 trials funded by the UK NIHR HTA Programme [7] not meeting their recruitment targets. A review of 133 trials published in six major journals: Annals of Internal Medicine, Annals of Surgery, British Medical Journal (BMJ), The Journal of the American Medical Association (JAMA), The Lancet, and The New England Journal of Medicine (NEJM) between July and December 2004 found that, of the 84% which reported a target sample size, 21% failed to recruit to this number [8]. These reviews acknowledge substantial variability in recruitment amongst RCTs, noting that the complexities of recruitment failure stem from factors including participant age, deprivation, immigration status, health status, other commitments, attitudes towards research or healthcare, randomisation concerns, recruitment method and trial characteristics [9].  
 Given the costs and risks associated with poor recruitment, it would be beneficial to obtain accurate predictions of the timeframe required to achieve the target sample size. However, 
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predictions made at the design stage of an RCT often underestimate the required timeframe, and there is a lack of consistency in the methods used for prediction. A survey of 69 statisticians within UK Clinical Research Collaboration (UKCRC)-registered clinical trials units and the European Clinical Research Infrastructure Network revealed that 10% used a statistical model, and 57% had a statistician leading recruitment prediction, though 81% believed they should have [10]. 
 Recognising the significance of recruiting an adequate number of participants, the aim of this study was to identify and describe statistical methods for predicting recruitment to RCTs at the design stage and apply them to case studies to assess their suitability. 
 

Methods 

 

Statistical methods for predicting recruitment 

 A literature search informed by previous reviews by Barnard et al. [11] and Gkioni et al. [12] identified five methods across three model classes that can be used to predict recruitment at the design stage of an RCT: deterministic unconditional, deterministic conditional, unconditional Poisson, conditional Poisson, and Bayesian.  
 

1. Deterministic Unconditional  The deterministic unconditional method estimates the recruitment period by dividing the target sample size by an expected linear recruitment rate, which is assumed to be fixed and is often estimated using previous trends at each research site [13]. A limitation, especially in multicentre trials, is the lack of consideration of individual site-specific rate variations and overall rate variation due to variable recruitment start dates. The assumption of a constant rate over time could lead to its overestimation, especially in the initial months of recruitment. A first order 
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recruitment model (FORM) for this method was presented by Comfort [14], with the following assumptions: 𝑁𝑚 = (𝑆𝑚𝑅 𝑡𝑒) + 𝑁0, #(1)  where  
 𝑁𝑚 is the total number of participants required 

 𝑆𝑚 is the total number of sites planned for recruitment 

 𝑅 is the recruitment rate (number of participants per site per month) 

 𝑡𝑒 is the total duration of recruitment 

 𝑁0 is the number of participants initially enrolled, if required Depending on the requirements of the funder, this equation can be rearranged to give the enrolment duration as follows: 
𝑡𝑒 = 𝑁𝑚 − 𝑁0𝑆𝑚𝑅 . #(2)  

 

2. Deterministic Conditional  To address limitations of the unconditional approach, a conditional approach incorporates prior information such as individual site recruitment rates and active recruitment periods [13]. This could be useful for determining the effect of including a site by delaying its recruitment start date. However, it remains limited by its fixed recruitment rate over time. Comfort expanded this method, introducing a second order recruitment model (SORM) [14] whereby the second-order recruitment rate whilst sites are starting up, 𝑁𝑞 , is given by 

𝑁𝑞(𝑡 ≤ 𝑡𝑠) = (12 𝑙𝑟𝑡2 + 𝑆0𝑡) 𝑅 + 𝑁0, #(3)  

and the linear recruitment rate after all sites have started recruiting is given by  𝑁𝑙(𝑡 > 𝑡𝑠) = 𝑆𝑚𝑅𝑡 + 𝑁𝑞 , #(4)  
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where 

 𝑙𝑟 = (𝑆𝑚−𝑆0)𝑡𝑠  is the site initiation rate                                                                                                                        
 𝑡𝑠 is the average site start up time  
 𝑆0 is the number of initial sites ready to recruit The total study enrolment period, 𝑡𝑒 , is the positive root solution of the following equation: 

𝑡𝑒 = (𝑁𝑚 − 𝑁𝑞)𝑆𝑚𝑅  + 𝑡𝑠, #(5)  

which reduces to the FORM model in the case where all sites begin recruitment simultaneously. 
 

Implementation: Deterministic conditional The deterministic conditional method was implemented for the only multicentre case-study RCT with site-specific expected recruitment rates available. At the design stage, recruitment predictions were calculated based on an anticipated recruitment rate of two participants per week at the chief investigator site, and one to two participants per week at other sites. This was compared to observed participant consent dates per site per month, which were assumed to approximate recruitment dates. 
 

3. Unconditional Stochastic Poisson Unlike deterministic models, stochastic models incorporate random fluctuations. The unconditional Poisson model, also referred to as a Homogenous Poisson Process (HPP), involves the occurrence of events one at a time, at a constant average rate, and independent of prior events. The average recruitment rate can be used to estimate the time to reach the target sample size via Poisson distribution simulations [15]. Let  𝜆 denote the expected number of participants recruited per day across all centres and let 𝑇 denote the time in days to recruit 𝑁 subjects, where 𝑁 is equivalent to the required sample size. Let 𝑁𝑡 represent the total number of participants recruited before time 𝑡, with 𝑡 < 𝑇, and let 𝑋𝑡 be the number of participants recruited on day 𝑡 such that 𝑁𝑡+1 = 𝑁𝑡 + 𝑋𝑡. Denote 𝑃(𝑁𝑡 = 𝑛) as the probability that n 
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participants have been recruited before time 𝑡, then 

𝑃(𝑋𝑡 = 𝑛) = 𝑒−𝜆𝑡(𝜆𝑡)𝑛𝑛!  #(7)  

is a Poisson distribution with mean 𝜆𝑡. A Normal distribution approximation, assuming a constant average recruitment rate over time for each site, can be used to estimate the time required to reach the target enrolment [15]. Alternatively, the model can be rearranged to estimate the required accrual rate for a fixed period. A limitation of the HPP model is that it does not account for varying start dates of recruitment between sites, nor varying recruitment rates across centres, nor variations in the number of centres over time. 
 

4. Conditional Stochastic Poisson The method of Carter [15] can be extended to produce time-varying recruitment predictions by specifying average accrual rates for each time interval which accommodates staggered site openings or seasonality, also referred to as a Non-Homogenous Poisson Process (NHPP).  The randomness in 𝜆, the occurrence rate of events in the Poisson process, is introduced by denoting 𝜆𝑘𝑡 as the expected number of participants recruited at site k = 1,…,K on day t. Therefore, the total number of new participants recruited on day t is given as follows: 
𝑃(𝑋𝑡 = 𝑥) = 𝑒−𝜆𝑡∗(𝜆𝑡∗)𝑥𝑥! , #(8)  

where 𝜆𝑡∗ = ∑ 𝜆𝑘𝑡𝐾  is the expected number of participants recruited on day t across all K sites.  Simulations of random values of x can be carried out under this Poisson distribution until the target sample size is reached, enabling the calculation of percentiles for the recruitment time (𝑇) from the empirical distribution. This approach avoids the assumption of a constant recruitment rate, beneficial in RCT planning.  
 

Implementation: Unconditional and Conditional Poisson The ‘hpp.scenario’ function from the “poisson” R package [16], discontinued with an archived version available, was used to obtain recruitment rate predictions for all case-study RCTs at the 
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design stage using the unconditional and conditional Poisson methods, through the simulation of Poisson processes. An HPP and an NHPP were implemented, with the following parameters prespecified: target sample size, trial duration, and lambda (λ)—the occurrence rate of events in the Poisson process—calculated as the target sample size divided by the expected duration. 1000 simulations were conducted to balance accuracy and computational efficiency, and 100 points were used to estimate the mean and quantiles, as recommended by the “poisson” package documentation. The additional inclusion of non-homogenous recruitment time for the NHPP model enabled the modelling of a recruitment rate which begins low, increases to a peak and then stabilises. A limitation of this model is the selection of this timepoint, especially in single-centre trials, and so this method was only implemented for multicentre trials with varying start dates to reflect the gradual opening of centres.  
 

5. Bayesian  Bayesian approaches can aid the monitoring of recruitment predictions during trial conduct using prior beliefs and ongoing recruitment data. However, here we focus solely on the formation of the prior which can be used to predict recruitment at the design stage. Gajewski et al. [17] developed the approach of Williford et al. [18] who established prior probabilities to inform the predictive distribution before the collection of any recruitment data. A model was introduced whereby average times between participants joining the study are assumed to be exponentially distributed with mean 𝜃, and the prior distribution for 𝜃 is taken to be the inverse gamma distribution with parameters IG(𝑛𝑃, 𝑇𝑃), later described as an informative prior. 𝑇 represents the time the investigator supposes it will take to recruit to the target sample size (𝑛) and 𝑃 denotes their confidence that 𝑛 can be reached by time T, with 𝑃 ∈ [0,1], such that 𝑃 = 1 represents total confidence. In this case, the prior sample size is taken to be the target sample size, and otherwise is reduced, i.e. to one-tenth if 𝑃 = 0.1 is chosen. 𝑇𝑃 scales the response so that the expected time between participants entering the study is approximately 𝑇/𝑛. The authors state that prior accrual rates should be reliable given that means and medians are 
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mostly accurately specified by experts, though 𝑃 may be less readily available. In this case historical data from a similar trial can be utilised with care, for example with weighting based on the size of the previous study.  
 

Implementation: Bayesian Bayesian methods based on work by Gajewski et al. [17] and Jiang et al. [19] were implemented using the “accrual” package in R to predict the rate of recruitment based on weighted linear regression [20]. For single-centre trials, the ‘accrual.n.plot’ function produced a prediction of the number of participants that could be recruited in a fixed time period using an informative prior. Inputs included the target timeframe, the time at which to make the prediction (set equal to this value) and the number of recruited participants and time to date, which were both set to zero in this case. Values of P of 0.01, 0.1, 0.3, 0.5, 0.7 and 0.9 were prespecified, representing low to high confidence that the target sample size would be reached within the required timeframe, with P = 0.01 representing an uninformative prior. To obtain predictions of the time in months to reach the specified sample size, the ‘accrual.T.plot’ function was utilised with inputs including the target sample size, the number of participants at which to make the prediction (set equal to this value), the number of recruited participants and time to date (both set to zero), and the same values of P. For multicentre trials, the ‘accrual.plot.multicenter’ function predicted recruitment in a fixed timeframe using an informative prior. Inputs included those used in the ‘accrual.n.plot’ function for single-centre trials in addition to the number of sites, start dates and individual recruitment numbers to date. A prediction of the time taken to recruit a prespecified sample size was not obtainable using this package.  
 

Case-study RCTs 

 Data were obtained from six parallel-group RCTs conducted at the Sheffield Centre for Health and Related Research (University of Sheffield). Ethical approval was granted by the University of 
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Sheffield Research Ethics Committee for secondary use of anonymised data, originally collected with participant consent by the Clinical Trials Research Unit. The six case-study RCTs were selected by excluding pilot studies and multicentre trials that lacked site-specific opening dates, and to ensure a diverse range of trial characteristics. Patterns of recruitment were identified, and the recruitment prediction methods applied. Three of the six RCTs recruited to their target sample size, one recruited to slightly below target, and two failed to recruit an adequate number of participants. Table 1 summarises the key characteristics of the case-study RCTs: endometrial scratch to increase live birth rates in women undergoing first-time in vitro fertilisation (Endometrial Scratch) [21], a preventative lifestyle intervention for older adults (Lifestyle Matters) [22], the impact of pelvic floor muscle training on sexual function of women with urinary incontinence and a comparison of electrical stimulation versus standard treatment (IPSU) [23], the Journeying through Dementia (JtD) psychosocial intervention versus usual care study [24], a randomised controlled trial and cost-effectiveness evaluation of ‘booster’ interventions to sustain increases in physical activity in middle-aged adults in deprived urban neighbourhoods (Booster) [25], and the Putting Life in Years’ (PLINY) telephone friendship groups research study [26]. 
 

Table 1: Summary of case-study RCTs  

Trial name 
Accrual 

target 

Total 

number 

accrued 

Target 

met 

(Y/N) 

Total 

centres 

opened 

Accrual 

start date 

Accrual 

end date 

Total 

months of 

accrual 

Endometrial Scratch 1044 1048 Y 16 May 2016 Oct 2018 28 

Lifestyle Matters 268 288 Y 2 Aug 2012 Apr 2013 9 

IPSU 114 114 Y 1 Oct 2011 Apr 2015 41 

JtD 486 480 N 13 Feb 2017 Sep 2018 20 

Booster 600 282 N 1 Nov 2009 Nov 2011 25 

PLINY 248 157 N 1 Jun 2012 Jan 2013 8 

 

 All trials continued recruitment until at least the protocol-defined timepoint, except for PLINY which closed recruitment five months prematurely due to a lack of recruitment and retention of volunteer facilitators resulting in a total recruitment period of eight months. The Endometrial 
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Scratch RCT used a conditional model for recruitment prediction, though for comparability an unconditional model was also applied. All other trials were assumed to have used an unconditional prediction method at the design stage as no statistical model was indicated. Figure 1 compares the observed recruitment with an unconditional prediction for each RCT and indicates those with internal pilot phases: Endometrial Scratch, Booster and PLINY. The unconditional prediction is simplistic, especially for multicentre trials, but is provided as a reference point for the comparison of other methods. Figure 2 presents observed recruitment by site for the three multicentre trials (Endometrial Scratch, Lifestyle Matters and JtD). 
 

Figure 1: Case-study RCTs: observed recruitment compared to unconditional prediction [Insert Figure 1] 

 

Figure 2: Multicentre case-study RCTs: observed recruitment by site  [Insert Figure 2] 

 A commonality in recruitment across RCTs was a slower start, an increase to a maximum accrual rate midway through the trial and a plateau at the end, regardless of whether the recruitment target was achieved. This trend was more pronounced in multicentre trials, often coinciding with the period where the most sites were active.  
 In terms of multicentre trials, Endometrial Scratch and Lifestyle Matters demonstrated higher recruitment rates at the chief investigator site. However, this trend was not observed for JtD, including at the Clinical Trials Unit site. Sites which started later tended to have slower accrual rates and recruit less participants overall. 
 Regarding trials with internal pilot phases, no consistent pattern emerged. Endometrial Scratch, which successfully reached its overall target, did not meet its internal pilot target. Booster failed 
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to reach both its internal pilot and overall targets. In contrast, PLINY reached its internal pilot target but did not achieve its overall goal. This indicates that internal pilot success did not consistently predict overall recruitment outcomes. 
 Table 2 summarises the methods implemented and parameters used for each case-study RCT. 
 

Table 2: Summary of methods implemented and parameters used 

Trial name Deterministic 

Unconditional 

 

Target sample 

size; Expected 

accrual time 

(months) 

Deterministic 

Conditional 

 

Expected 

participants 

recruited per 

month/number 

of months at this 

rate (number of 

sites open)  

Unconditional 

Poisson 

 

Target sample 

size; Expected 

accrual time 

(months) 

Conditional 

Poisson 

 

Target sample 

size; Expected 

accrual time 

(months);non-

homogenous 

recruitment 

time 

Bayesian 

 

 

Target sample 

size; Expected 

accrual time 

(months); 

number of sites; 

month each site 

started 

recruiting 

Endometrial 

Scratch 

1044; 28 

 

10/7 (2); 30/2 

(6); 50/19 (10) - 

based on 

anticipated 

recruitment rate 

of 2 per week at CI 

site, 1-2 per week 

at other sites 

1044; 28 

 

1044; 28; 15 

 

1044; 28; 16; 1, 

2, 2, 2, 2, 5, 8, 8, 

8, 10, 10, 10, 10, 

10, 12, 16 

Lifestyle 

Matters 

268; 9 

 
NA 

268; 9 

 

268; 9; NA 

 
268; 9; NA; NA 

IPSU 
114; 41 

 
NA 

114; 41 

 

114; 41; NA 

 

114; 41; NA; NA 

 

JtD 
486; 20 

 
NA 

486; 20 

 
486; 20; 17 

486; 20; 13; 1, 1, 

2, 2, 3, 3, 4, 5, 7, 

14, 17, 18, 18 

 

Booster 600; 25 NA 600; 25 600; 25; NA 600; 25; NA; NA 

PLINY 248; 13  NA 248; 13  248; 13; NA 248; 13 ; NA; NA 
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Results 

 

Deterministic Conditional  Figure 3 presents the conditional model prediction compared to the observed accrual rate for Endometrial Scratch. Accrual was below the conditional prediction for the first three months, exceeded it until month 25, then plateaued, reaching the required 1044 participants three months after the target time of 28 months. 
 

Figure 3: Endometrial Scratch RCT: observed recruitment compared to conditional 

prediction [Insert Figure 3] 

 

Stochastic Poisson Table 3 presents predictions of the time taken to recruit the respective target sample sizes and 95% confidence intervals using both a Homogenous and Non-Homogeneous Poisson process. The non-homogeneous recruitment timepoint was taken to be the first month at which all centres were open, months 15 and 17 for Endometrial Scratch and JtD respectively, after which the occurrence rate, λ, was assumed to follow the previously defined HPP occurrence rate.  
 

Table 3: Predicted time to recruit target sample for Homogenous (HPP) and Non-Homogeneous 

Poisson (NHPP) process models 

ᵃ The occurrence rate of events in the Poisson process b Prediction of the time taken to recruit the respective target sample size using a Homogenous Poisson process (HPP); a point estimate cannot be obtained using this model  

 

Recruitment 

target 

(months) 

λᵃ (participants 

per month) 

HPP predictionb 

(95% confidence 

intervals, months) 

NHPP predictionc  

(95% confidence 

intervals, months) 

Endometrial 

Scratch 
28 37.3 (26.2, 29.8) 35.5 (33.8, 37.2) 

Lifestyle Matters 9 29.8 (8.0, 10.1) N/A 

IPSU 41 2.8 (33.4, 48.6) N/A 

JtD 20 24.3 (18.2, 21.8) 28.5 (26.8, 30.3) 

Booster 25 24 (23.1, 27.0) N/A 

PLINY 8 31 (7.0, 9.0) N/A 
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c Prediction of the time taken to recruit the respective target sample size using a Non-Homogenous Poisson process (NHPP) 

 In general, the HPP offered more insight than deterministic approaches, providing quantiles which account for uncertainty, thereby approximating best and worst-case scenarios. However, the requirement of both a timeframe and a target sample size to calculate the expected recruitment rate hinders the obtainment of individual parameter predictions, as is possible with other methods. The confidence intervals for the HPP process were narrow, mostly with a width of around three months. This could help a funder assess the accuracy of the recruitment prediction. However, the availability of prespecified expected recruitment rates differs between trials. The use of an NHPP for multicentre trials gave more conservative predicted times to recruit to target, increasing the predictions by around eight months in both cases compared to an HPP, though their accuracy may be greater. The widths of the confidence intervals were around three months, similar to those of the HPP predictions. 
 

Bayesian  Figure 4 presents both predictions of the number of participants recruited in the specified timeframe and the time taken to recruit the target number of participants for all values of P. For the multicentre trials with varying start dates (Endometrial Scratch and JtD), predictions were obtained both accounting for the start dates and assuming all sites began recruitment simultaneously, as would be the case in a single-centre trial, in order to compare the impact of time-varying recruitment rates on the prediction method. As P increased, the credible intervals narrowed in all cases. The uninformative prior had a significantly wider width of around 500 participants depending on the size of the trial, reducing to a width of approximately 100-200 participants for values of P of 0.5 and above. Including site-specific start dates for the multicentre trials resulted in more conservative predictions, with smaller numbers of participants predicted. For RCTs which did not meet recruitment targets, Bayesian methods failed to predict the observed accrual at the design stage, though their accuracy may improve as 
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the trials progress. 
 

Figure 4: Predicted participants and recruitment time using Bayesian methods with 

informative prior and varying values of P. [Insert Figure 4] 

 

 

Discussion 

 The suitability of methods for predicting both recruitment within a timeframe and time to reach a target sample size at the design stage depended on several factors: the prediction timepoint, whether the trial was single or multicentre, and whether the trial met its recruitment target. No clear association was found between the size of the RCT and the most suitable recruitment prediction method. 
 At the design stage, Poisson methods appeared to be the most appropriate, providing confidence intervals which could model uncertainty, thereby making them more useful to a funder than the single point estimates from deterministic unconditional and conditional methods. Additionally, Poisson intervals were narrower than the credible intervals produced by Bayesian methods. Despite these wider credible intervals, Bayesian methods offered relatively accurate point estimates based solely on prior information.  
 For single-centre trials, an HPP model was appropriate, whilst an NHPP model better addressed non-constant recruitment arising from staggered site start dates in multicentre trials. However, the NHPP model tended to yield more conservative estimates and relied on site-specific start dates, which may not be available at the design stage of an RCT. In any case, delayed site openings in multicentre trials should be carefully factored into recruitment predictions.  
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 The limitations observed were consistent with those described by Carter [15] and Gajewski et al. [17]. These included challenges in parameter elicitation, such as predetermining accrual rates, and prespecifying prior beliefs along with their associated measures of certainty for Bayesian inference. Furthermore, facilitators in the implementation of these methods had barriers hindering their use, such as the discontinuation of the “poisson” package [16], coding errors, and restricted functionality within the “accrual” package [20]. Moreover, the methods were applied to data from six case-study trials which varied in characteristics. This provided a wider range of scenarios by encompassing trials which successfully and unsuccessfully recruited to the target sample size and varied in their duration and number of participants recruited. However, it impeded direct comparability between similar trials, which limited the ability to strengthen evidence for specific methods. Another limitation was a lack of information surrounding recruitment-enhancing measures, both trial-specific and generally, such as the introduction of the SEAR framework [27]. These strategies could have influenced the predictive accuracy of the models or impacted the reproducibility of results, depending on how they were applied.  
 It should also be noted that there exist more advanced techniques for predicting recruitment in multicentre trials at the design stage[28][29]. In particular, the Poisson-Gamma model can account for random variation of rates across centres, the number of centres over time and centres initiation dates. This model could not be implemented using these case-study trials due to a lack of historical data from similar trials, clinical information or expert estimators. Therefore, this is not a comprehensive list of methods but rather a demonstration of how some methods may be practically applied at the design stage of a trial. Readers are encouraged to explore these models if they have access to more information prior to starting recruitment, or, if they are looking to update recruitment predictions as the trial progresses. 
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Conclusions 

 Recruitment to the target sample size in RCTs is a well-recognised, frequent issue, making the prediction and monitoring of recruitment during the conduct of an RCT critical. This research aimed to evaluate the most appropriate statistical method for predicting recruitment at the design stage of a trial. Poisson methods emerged as the more appropriate approach, although additional research is required to further substantiate these findings. 
 It is recommended that RCTs publish the methods and parameters used in their recruitment predictions to enable further research and facilitate method comparisons across a broader range of trials. For instance, although 99% of 125 RCTs from five major journals reported a target sample size, only 15% reported the expected recruitment period [30]. This could impede the implementation of Poisson methods which require a prespecified recruitment rate and offer a balance between ease of implementation, prediction accuracy and incorporation of uncertainty. Improved reporting of recruitment rates, including site-specific rates, could better inform these parameters and thereby facilitate the implementation of these methods. Further research into Bayesian methods should also be conducted to formalise the elicitation procedure and streamline their implementation. 
 To the best of our knowledge, no prior comparison of these methods using data from RCTs has been carried out previously. Further research using a wider range of case studies and methods would be recommended to further ascertain the most appropriate statistical method for predicting recruitment in randomised controlled trials.  
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HPP: Homogenous Poisson Process  
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