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Clinical trials are of key importance to understand the causal effects of medicinal treatments 

or therapies. Over time, however, clinical trials have become more complex and more costly 

[1-3]. As a consequence, it is becoming ever more necessary to critically reflect on how 

resources are being spent during the conduct of trials. 

 

According to many (see e.g. [1, 4, 5, 6]), an important source of inefficiency in this respect 

concerns ‘trial monitoring’. In the context of clinical trials, the term ‘monitoring’ is used for a 

range of activities, including e.g. the continuous assessment of the safety/benefit profile of the 

treatment under study by a data and safety monitoring board [7]. In discussions regarding the 

efficiency of clinical trials, however, it usually refers to the monitoring of investigational 

centers. This form of monitoring is the responsibility of one or more Clinical Research 

Associates (CRAs), who are appointed by the trial sponsor (typically, a pharmaceutical 

company) to assess whether the investigators (i.e. the treating physicians or nurses) and their 

staff members perform their tasks according to the trial protocol. The reason that this type of 

monitoring is considered inefficient is that, traditionally, CRAs frequently physically visit the 

centers to verify all submitted data against the source data, i.e. to perform 100% Source Data 

Verification (SDV). SDV, however, is very time-consuming and therefore costly [4, 8-12], 

while its impact on the validity of the trial results is most likely limited [13, 14]. 

 

Therefore, it is generally acknowledged, among industry parties (e.g. [5]), academic parties 

(e.g. [17, 18]), and regulatory agencies [1, 6], that there is a need to re-evaluate standard 

monitoring practices in clinical trials. These considerations are reflected in the 2015 

addendum to the guidelines for Good Clinical Practice as well, in which it is stated that “the 

sponsor should develop a systematic, prioritized, risk-based approach to monitoring clinical 

trials” and that “the flexibility in the extent and nature of monitoring described in this section 

is intended to permit varied approaches that improve the effectiveness and efficiency of 

monitoring” [15, p. 39]. 

 

Objectives 

As a result of the discussion, many alternative, supposedly more efficient, monitoring 

methodologies have been proposed (see e.g. [16] for an overview). However, a detailed 
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assessment of their impact on the trial results and costs is often lacking. The general aim of 

this thesis is to evaluate the impact of such alternative procedures, to reflect on their 

application, and to further their development. 

 

Outline of this thesis 

Chapter 2 focuses on one possible alternative to 100% SDV, namely the utilization of 

statistical sampling methodology. Although the Guidelines for Good Clinical Practice 

explicitly state that “statistically controlled sampling may be an acceptable method for 

selecting the data to be verified” [15, p. 39], there is limited guidance on how to actually 

implement statistical sampling methodology in this context, and what the impact of doing so 

will be. In this chapter, we propose a flexible algorithm that can be used (as such or in 

adapted form) for this purpose and assess its impact as compared to 100% SDV by means of a 

simulation. 

 

In Chapter 3, we focus on the topic of Central Statistical Monitoring (CSM). With trial data 

becoming more and more available digitally and in real-time, a natural question is whether we 

can use these data to monitor investigational centers centrally. Doing so allows for center-by-

center comparisons, which may be highly effective for the detection of deviating data 

patterns, e.g. those that result from fraud or data fabrication [1]. In this chapter, we propose a 

procedure intended to identify fraudulent investigators at an early stage, using accumulating, 

centrally available, subject data. The procedure is illustrated on empirical trial data with 

known fraud. 

 

In Chapter 4, we investigate whether there is a relation between various characteristics of the 

center (e.g. the type of center, the experience of the investigator, etc.) and the performance of 

a center in terms of enrollment of trial subjects. Issues related to recruitment of patients in the 

trial are common. On the operational level, such issues may be mitigated by careful site 

selection and by allocating monitoring or training resources proportionally to the anticipated 

risk of poor enrollment. However, how to determine which centers will and which will not 

meet their recruitment targets a priori remains unclear. We therefore try to determine if we 
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can identify factors associated with center-level recruitment performance, using empirical trial 

data. 

 

In Chapter 5, we focus on a monitoring procedure known as ‘adjudication’. Adjudication 

refers to the independent expert review of diagnoses of important clinical events, in order to 

detect and correct potential cases of misdiagnosis. Although common, the results of two meta-

analyses (comparing pre- and post-adjudication data) suggest that the impact of adjudication 

on treatment effect estimates may not justify the substantial effort that is required [19, 20]. 

Through a series of illustrative simulations, we show the impact of random (‘non-

differential’) misdiagnosis of trial endpoints on the outcomes of a trial. 

 

Chapter 6 outlines considerations for implementing a risk-based approach to monitoring in the 

specific context of pragmatic trials. 

 

Chapter 7 provides a general discussion on the topic of clinical trial monitoring, in which we 

(1) describe in more detail the arguments and findings that have been published on the topic, 

(2) critically reflect on proposed alternatives and recent developments, and (3) indicate what 

we believe should be directions for future research. 

 

  



13 

 

References 

1. FDA. Guidance for industry: oversight of clinical investigations - A risk-based 

approach to monitoring. 2013. URL: 

https://www.fda.gov/RegulatoryInformation/Guidances/ucm122046.htm. 

2. Martin L, Hutchens M, Hawkins C, Radnov A. How much do clinical trials cost?  

Nature Reviews Drug Discovery 2017, 16:381-382. DOI: 10.1038/nrd.2017.70. 

3. Rosenblatt M. The Changing Face of Clinical Trials - The Large Pharmaceutical 

Company Perspective. New England Journal of Medicine 2017; 376:52-60. DOI: 

10.1056/NEJMra1510069. 

4. Institute of Medicine. Assuring data quality and validity in clinical trials for regulatory 

decision making - Workshop report. Washington, DC: The National Academies Press. 

1999. DOI: 10.17226/9623. 

5. TransCelerate Biopharma Inc. Position Paper: Risk-Based Monitoring Methodology. 

2013. URL: http://www.transceleratebiopharmainc.com/assets/rbm-assets/. 

6. EMA. Reflection paper on risk based quality management in clinical trials. 2013. 

URL: 

http://www.ema.europa.eu/docs/en_GB/document_library/Scientific_guideline/2013/1

1/WC500155491.pdf. 

7. FDA. Guidance for clinical trial sponsors – Establishment and operation of clinical 

trial data monitoring committees. 2006. URL: 

https://www.fda.gov/RegulatoryInformation/Guidances/ucm122046.htm 

8. Eisenstein EL, Lemons PW II, Tardiff BE, Schulman KA, King Jolly M, Califf RM. 

Reducing the costs of phase III cardiovascular clinical trials. American Heart Journal 

2005;149(3):482-488. 

9. Califf RM. Clinical trials bureaucracy: unintended consequences of well-intentioned 

policy. Clinical Trials 2006; 3:496-502. DOI: 10.1177/1740774506073173. 

10. Duley L, Antman K, Arena J, Avezum A, Blumenthal M, Bosch J, Chrolavicius S, Li 

T, Ounpuu S, Perez AC, Sleight P, Svard R, Temple R, Tsouderous Y, Yunis C, Yusuf 

S. Specific barriers to the conduct of randomized trials. Clinical Trials 2008; 5:40-48. 

DOI: 10.1177/1740774507087704. 



14 

 

11. Funning S, Grahnén A, Eriksson K, Kettis-Linblad Å. Quality assurance within the 

scope of Good Clinical Practice (GCP) - What is the cost of GCP-related activities? A 

survey within the Swedish Association of the Pharmaceutical Industry (LIF)’s 

members. Quality Assurance Journal 2009; 12:3-7. DOI: 10.1002/qaj.433. 

12. Buyse M. Centralized statistical monitoring as a way to improve the quality of clinical 

data. Applied Clinical Trials 2014. Mar. URL: 

http://www.appliedclinicaltrialsonline.com/centralized-statistical-monitoring-way-

improve-quality-clinical-data. 

13. Sheetz N, Wilson B, Benedict J, Huffman E, Lawton A, Travers M, Nadolny P, 

Young S, Given K, Florin L. Evaluating source data verification as a quality control 

measure in clinical trials. Therapeutic Innovation and Regulatory Science 2014;  

48(6):671-680. DOI: 10.1177/2168479014554400. 

14. Olsen R, Bihlet AR, Kalakou F, Andersen JR. The impact of clinical trial monitoring 

approaches on data integrity and cost - a review of current literature. European Journal 

of Clinical Pharmacology 2016; 72:399-412. DOI: 10.1007/s00228-015-2004-y. 

15. ICH. Guideline for good clinical practice E6(R2), step 5. 2016. URL: 

http://www.ema.europa.eu/docs/en_GB/document_library/Scientific_guideline/2009/0

9/WC500002874.pdf. 

16. Hurley C, Shiely F, Power J, Clarke M, Eustace JA, Flanagan E, Kearney PM. Risk 

based monitoring (RBM) tools for clinical trials: A systematic review. Contemporary 

Clinical Trials 2016; 51:15-27. DOI: 10.1016/j.cct.2016.09.003. 

17. Brosteanu O, Schwarz G, Houben P, Paulus U, Strenge-Hesse A, Zettelmeyer U, 

Schneider A, Hasenclever D. Risk-adapted monitoring is not inferior to extensive on-

site monitoring: Results of the ADAMON cluster-randomised study. Clinical Trials 

2017; Epub ahead of print. DOI: 10.1177/1740774517724165. 

18. Journot V, Pignon JP, Gaultier C, Daurat V, Bouxin-Métro A, Giraudeau B, Preux 

PM, Tréluyer JM, Chevret S, Plättner V, Thalamas C, Clisant S, Ravaud P, Chêne G; 

Optimon Collaborative Group. Validation of a risk-assessment scale and a risk-

adapted monitoring plan for academic clinical research studies - the Pre-Optimon 

study. Contemporary Clinical Trials 2011; 32(1):16-24. DOI: 

10.1016/j.cct.2010.10.001. 



15 

 

19. Pogue J, Walter SD, Yusuf S. Evaluating the benefit of event adjudication of 

cardiovascular outcomes in large simple RCTs. Clinical Trials 2009; 6:239-251. DOI: 

10.1177/1740774509105223. 

20. Ndounga Diakou LA, Trinquart L, Hróbjartsson A, et al. Comparison of central 

adjudication of outcomes and onsite outcome assessment on treatment effect 

estimates. Cochrane Database of Systematic Reviews 2016; 3:MR000043. DOI: 

10.1002/14651858.MR000043.pub2. 

  



16 

 

  



17 

 

 

 

Chapter 2 

 

Efficient source data verification using statistical acceptance 

sampling: A simulation study 

 

Rutger M van den Bor 

Bas J Oosterman 

Martinus B Oostendorp 

Diederick E Grobbee 

Kit CB Roes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Therapeutic Innovation and Regulatory Science, 2016; 50(1), 82-90. 



18 

 

Abstract 

Background: One approach to increase the efficiency of clinical trial monitoring is to replace 

100% Source Data Verification (SDV) by verification of samples of source data. An intuitive 

strategy for determining appropriate sampling plans (i.e., sample sizes and the maximum 

tolerable number of transcription errors in the samples) is to use acceptance sampling 

methodology. Expanding upon earlier work in which the use of acceptance sampling 

strategies for sampling-based SDV was proposed, we describe an alternative acceptance 

sampling strategy that, instead of relying on sampling standards, evaluates all possible 

sampling plans algorithmically, thereby ensuring that selected sampling plans conform to pre-

specified criteria. Methods: Empirical trial data guided the design of the proposed strategy. In 

addition, extensive simulations, also based on the empirical data, were performed to assess the 

performance in terms of workload reductions and the post-SDV error proportion of applying 

the proposed strategy. Results: 13 different scenarios were simulated, but results of the default 

scenario show that the average pre-SDV error proportion per trial of .056 was reduced to .023 

by inspecting only 40.5% of the case report form entries. Of the inspected data entries, almost 

half (18.0/40.5) was, on average, SDV-ed as part of the sampling process; remaining entries 

were inspected during full inspections after too many errors were observed in the samples. 

Conclusion: Our results suggest that major reductions in workload can be achieved, while 

maintaining acceptable data quality levels. However, the results also indicate that the 

proposed strategy is conservative and that further improvement is possible. 
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1. Introduction 

Source Data Verification (SDV), the process of comparing source data and the data as 

presented in Case Report Forms (CRFs) during the conduct of clinical trials, serves to ensure 

completeness, accuracy, reliability and verifiability of data provided by investigators [1]. 

Despite not being required by regulators, SDV is commonly performed on all CRF entries 

(‘100% SDV’), which is time-consuming, costly, and known to identify errors that have little 

impact on the trial outcomes [2-8]. Consequently, its use has been a major topic of debate in 

discussions on the efficiency of clinical trial monitoring, and various alternatives have been 

proposed [1,4-7,9-15]. 

 

One alternative approach (which we term ‘random SDV’)  is to limit SDV to a random 

sample of CRF entries: Inspection of a sample may be sufficient to assess the quality of all 

data provided by an investigational site [1,4-7,11]. This view is supported by the Guidelines 

for Good Clinical Practice, which state that “Statistically controlled sampling may be an 

acceptable method for selecting the data to be verified” [16,p.26] In addition, by reducing the 

monitors’ SDV workload, time becomes available for supporting site staff in increasing the 

quality. 

 

To determine appropriate sampling plans (i.e. the sample size 𝑛 and the maximum tolerable 

number of errors in the sample 𝑐), Grieve applied the concept of acceptance sampling to the 

context of inspection by SDV [11]. Acceptance sampling refers to “the inspection and 

classification of a sample of units selected at random from a larger batch or lot and the 

ultimate decision about the disposition of the lot” [17,p.15]. If the number of erroneous items 

in the sample exceeds 𝑐, the lot is typically subjected to full inspection. Otherwise, no further 

inspection is required. For an elaborate introduction to acceptance sampling, see e.g. 

Montgomery [17]. 

 

In the strategy proposed by Grieve [11], the selection of sampling plans relies on a standard 

sampling scheme in which 𝑛 and 𝑐 are provided for a given batch size 𝑁 and an Acceptable 

Quality Level (AQL). An advantage of using a sampling standard is that it is practical in 

implementation. A potential drawback, however, is that the number of possible sampling 
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plans from which to choose is limited. Therefore, the sampling plans provided by such 

schemes need not be optimal for the context of the specific inspection (see also Taylor [18] 

for a discussion on the use of sampling standards). 

 

An alternative approach is to select sampling plans algorithmically, allowing evaluation of 

every possible sampling plan. Doing so provides flexibility, as the algorithm can be specified 

to precisely reflect the aims of the inspection procedure, and sampling plans selected by such 

a procedure are guaranteed to conform to pre-specified criteria. 

 

Here, we describe one possible implementation of the latter approach. We investigate the 

performance of the proposed strategy versus the 100% SDV approach (in terms of, among 

others, the workload and effectiveness) using extensive simulations. 

 

The following section provides details concerning the proposed random SDV algorithm. 

Then, the methodological aspects of the simulation study are provided, followed by its results. 

We end with a discussion and a conclusion. 

 

2. Proposed acceptance sampling strategy 

Grieve [11], in his implementation of random SDV, takes into account that (1) a sampling 

plan needs to be determined for each specific monitoring visit (MV), and (2) instead of 

drawing a sample of individual CRF entries (the unit of inspection), it is more feasible to 

draw samples on the level of patient visits. 

 

Our strategy is in accordance with these considerations. As stated, however, it does not rely 

on standard sampling schemes, but uses a computational search for the optimal sampling plan. 

This search requires an estimated value (or range of values) for the expected visit-specific 

pre-SDV Error Rate (ER). If the true pre-SDV ER of the center is time-dependent (e.g. 

because of a learning effect), the estimation procedure should take this dependency into 

account. For this reason, we performed an analysis on empirical trial data to investigate 

whether such a dependency exists, and concluded it did (see Appendix A for details). 
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We propose the following algorithm: 

1. Right before an SDV visit, randomly order the patient visits entered into the CRF 

since the previous MV. The possible values for 𝑛 are then given by the cumulative 

sum over the number of data entries per patient visit. For each possible value of 𝑛, 𝑐 

may equal any value in the set (0, 1, … , 𝑛 − 1). 

2. Using hypergeometric probabilities, determine 𝛽, the probability of accepting the 

batch if the actual proportion of errors in the batch would be equal to the largest 

possible proportion of errors smaller than or equal to the Lot Tolerant Percent 

Defective (LTPD), for every candidate (𝑛, 𝑐) pair. Omit the candidate (𝑛, 𝑐) pairs for 

which 𝛽 >  𝛽𝑠𝑝𝑒𝑐. 

3. For the remaining candidate (𝑛, 𝑐) pairs, calculate the Average Outgoing Quality 

Limit (AOQL) as 𝐴𝑂𝑄𝐿 = 𝑚𝑎𝑥 [
𝑃𝑎𝜋(𝑁−𝑛)

𝑁
], where 𝜋 denotes a vector containing 

every possible error rate (ER), 𝑃𝑎 denotes the probability of accepting a lot for every 

value of 𝜋, and 𝑁 denotes the lot size. Omit any (𝑛, 𝑐) pairs for which 𝐴𝑂𝑄𝐿 >

 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐. 

4. For all remaining (𝑛, 𝑐) pairs, calculate the Average Total Inspection (ATI) as 

𝐴𝑇𝐼 =  𝑛 + (1 − 𝑃𝑎)(𝑁 − 𝑛).  

5. Select the (𝑛, 𝑐) pair that minimizes the ATI between 𝜋𝐿 and 𝜋𝑈, the values of 𝜋 

representing, respectively, the lowest and upper bound of the expected ER. For the 

first SDV visit of each site, there is no data yet to base this expectation on, so we set 

𝜋𝐿 = 0 and 𝜋𝑈 = 1. For the remaining SDV visits, however, 𝜋𝐿 and 𝜋𝑈 are 

determined as follows:  

a. Sample 𝑘 bootstrap samples from the data on all patient visits inspected thus 

far. 

b. To each bootstrap sample, fit a logistic regression model, regressing the log 

odds of observing an error on the time since the first patient visit took place. 

Use the parameter estimates to predict the number of erroneous entries in each 

of the conducted, yet uninspected, patient visits that were entered into the CRF 

since the previous MV. Sum the predicted number of errors over these patient 

visits and divide this value by 𝑁. 
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c. 𝜋𝐿  and 𝜋𝑈 are then respectively calculated as the 2.5% and 97.5% percentiles 

of the resulting distribution of 𝑘 bootstrap estimates. 

 

As can be seen, the procedure provides sampling plans based on pre-specified values for the 

LTPD (and corresponding 𝛽𝑠𝑝𝑒𝑐) and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐: Any plan that is returned by the algorithm is 

guaranteed to have a probability of lot acceptance (i.e., 𝛽) at most 𝛽𝑠𝑝𝑒𝑐 when the pre-SDV 

ER is equal to or larger than the LTPD, and the maximum expected long-term post-SDV error 

rate (the AOQL) will equal at most 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐. In addition, it is guaranteed to be the most 

efficient sampling plan given the predicted pre-SDV ER. 

 

Implementation of the algorithm is preferably achieved through a software environment that 

is linked to the CRF database. Then, none of the calculations need to be performed by hand. 

The algorithm only requires the chosen values for the 𝐿𝑇𝑃𝐷, 𝛽𝑠𝑝𝑒𝑐 and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 as general 

input at the start of the trial. Through an automated procedure, the system may obtain 

information on the dates on which each patient visit was entered into the CRF and the number 

of CRF entries that was or will be required for each patient visit. The only action required 

from the monitor is to enter the number of errors that he or she detected per inspected patient 

visit. 

 

3. Methods 

3.1. Data simulation 

To investigate the performance of the proposed algorithm, we carried out a simulation study 

in which the algorithm described in the previous section was repeatedly applied to simulated 

trial data. To simulate trial data, we used the following strategy. For each site 𝑠 in the trial: 

1. Define the recruitment period as the time in week between 𝑡 = 0 and 𝑡 =  𝑡𝑒𝑜𝑟. 

Generate the total number of patients included at the site as 𝑁𝑠
𝑝𝑎𝑡~ 𝑃𝑜𝑖𝑠(𝜆 =

 𝑁𝑝𝑎𝑡.𝑚𝑒𝑎𝑛). Generate recruitment times for patient 𝑝 = 1 through 𝑝 = 𝑁𝑠
𝑝𝑎𝑡

 as 

𝑡𝑠𝑝1 ~ 𝑈𝑛𝑖𝑓(0, 𝑡𝑒𝑜𝑟). 𝑡𝑒𝑜𝑟 is set to equal 26 and 𝑁𝑝𝑎𝑡.𝑚𝑒𝑎𝑛was set to 10. In case 

𝑁𝑠
𝑝𝑎𝑡 = 0, it was set to equal 1. 

2. Set the number of patient visits per patient 𝑉 equal to 10. Each patient visit 𝑣 takes 

place at time 𝑡𝑠𝑝𝑣 = 𝑡𝑠𝑝1 + 𝑣 · 𝛥𝑡𝑝𝑣, where 𝛥𝑡𝑝𝑣, the number of weeks between two 
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consecutive patient visits, was set to 13. For patient visit 𝑣, ranging from 1 to 𝑉, the 

corresponding number of CRF entries is indicated by 𝐷𝑣. We set 𝐷𝑣 equal to (80, 25, 

25, …, 25, 50). 

3. For every time point 𝑡𝑠𝑝𝑣 on which a patient visit takes place, calculate the probability 

of entering data into the CRF incorrectly 𝑃𝑠𝑝𝑣
𝑒  as the inverse logit of 𝛽0

∗ + 𝜉𝑠
∗ + (𝛽1

∗ +

𝜂𝑠
∗)𝑡𝑠𝑝𝑣, where 𝛽0

∗ and 𝛽1
∗ were set to equal �̂�0 and �̂�1, and 𝜉𝑠

∗ and 𝜂𝑠
∗ are simulated as 

(𝜉𝑠
∗, 𝜂𝑠

∗) ~ 𝑁 [(
0
0

) , (
�̂�𝜉

2 �̂�𝜉,𝜂

�̂�𝜉,𝜂 �̂�𝜂
2

)], as estimated in Appendix A. 

4. Then, simulate the actual number of erroneous CRF entries per patient visit 𝐸𝑠𝑝𝑣 as 

𝐸𝑠𝑝𝑣~𝐵𝑖𝑛𝑜𝑚(𝐷𝑣, 𝑃𝑠𝑝𝑣
𝑒 ). Use the data generated thus far to set up patient visit level 

data matrix 𝑴𝑠
𝑝𝑣

 with number of rows equal to 𝑉 ·  𝑁𝑠
𝑝𝑎𝑡

, each row representing a 

patient visit. 

5. The number of weeks between consecutive MVs on which SDV was performed 𝛥𝑡𝑚 

was set to 26. The time of each MV 𝑚 was determined as 𝑚𝑖𝑛(𝑡𝑠𝑝𝑣) + 𝑚 ·  𝛥𝑡𝑚, 

except for the final MV, which was set to 𝑚𝑎𝑥(𝑡𝑠𝑝𝑣) + 0.5. 

6. In 𝑴𝑠
𝑝𝑣

, include the value for 𝑚 representing the earliest MV after the patient visit. 

7. Lastly, generate an MV-level data matrix 𝑴𝑠
𝑚 with each row representing an MV and 

columns specifying 𝑠, 𝑚, the number of patient visits per MV, the number of CRF 

entries per MV and the number of erroneous CRF entries per MV. 

 

Trial-level data was obtained by combining 𝑆 = 100 site-level data sets. 

 

3.2. Choice of 𝑳𝑻𝑷𝑫, 𝜷𝒔𝒑𝒆𝒄 and 𝑨𝑶𝑸𝑳𝒔𝒑𝒆𝒄 

Implementation of the proposed acceptance sampling algorithm requires specification of 

𝐿𝑇𝑃𝐷, 𝛽𝑠𝑝𝑒𝑐 and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐. These values require careful consideration, but it must be noted 

that, because (1) the AOQL itself is a limit, (2) we select (𝑛, 𝑐)-pairs based on two criteria, (3) 

𝑛 is always equal to or larger than strictly required due to sampling patient visits instead of 

individual CRF entries, and (4) 𝑃𝑎 and 𝜋 are discrete for finite 𝑁, the results are likely to be 

conservative. Therefore, the 𝐿𝑇𝑃𝐷, 𝛽𝑠𝑝𝑒𝑐 and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 should not be chosen too strict. In 

our simulations, we used 𝐿𝑇𝑃𝐷 = 0.1, 𝛽𝑠𝑝𝑒𝑐 = 0.1 and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 = 0.05. In practice, the 
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selection of appropriate values for these criteria is highly trial-specific, e.g. depending on 

whether the data is to be used in the analysis and whether the trial is blinded. 

 

3.3. Inspection error 

Typically, the inspection process is not perfect [17]. In his simulations, Grieve [11] assumed 

that 95 percent of the errors will be detected and corrected when using 100% SDV, but 

indicated that this rate might be too optimistic. In our simulations, we assumed a detection 

rate of 90%.  

 

3.4. Responsibility of full inspection after lot rejection 

We assumed that it is the monitor who performs the full inspection after a lot has been 

rejected. One might, however, argue that these full inspections are the responsibility of the 

site staff. In that case, it is of relevance to assess the distribution of workload between the 

monitor and the site. Our results allow such assessments, if it is assumed that the monitor and 

the site staff are equally effective in detecting and correcting errors, and that no re-inspection 

is performed on data already fully inspected by the site staff. 

 

3.5. Outcomes 

Five trial-level outcomes were considered: The pre-SDV ER indicates the ER that would be 

observed if no inspection would have been employed at all. The ‘post-SDV ER (100% SDV)’ 

denotes the ER after the data has been subjected to 100% SDV. The ‘post-SDV ER (random 

SDV)’ equals the ER after the proposed random SDV strategy has been applied to the data. 

The proportion SDV-ed (total) indicates the total workload, i.e. the total proportion of CRF 

entries that required SDV. The fifth trial-level outcome is the proportion SDV-ed (in-sample), 

denoting the proportion of CRF entries that required SDV, including only the CRF entries that 

were part of the initial samples (i.e., excluding CRF entries that were SDV-ed as part of the 

post-rejection full inspections). 

 

In addition, batch sizes, absolute and relative sample sizes, the probability of lot rejection, and 

the values of β and AOQL of the selected sampling plans were investigated, albeit not on the 

trial level, but on the MV level, combining all MVs from all trials simulated in each setting. 
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3.6. Simulation setup 

In the data simulation algorithm, the following parameters were varied: 

1. The number of sites per trial 𝑆, set to 100 in the default setting, was increased and 

decreased to 200 and 50. 

2. The follow-up duration in terms of 𝑉, the number of patient visits required. In the 

default setting, 𝑉 = 10, and was increeased and decreased to 20 and 5. 

3. The time between two consecutive MVs 𝛥𝑡𝑚, set to 26 in the default setting, was 

increased and decreased to 52 and 13. 

4. The pre-SDV ER, in terms of fixed intercept 𝛽0
∗, set  to �̂�0 in the default setting, was 

set to �̂�0 + log (0.5) and  �̂�0 + log (2), resulting in overall pre-SDV error rates that are 

0.5 and 2 times the overall pre-SDV error rate as estimated from the data (see 

Appendix A). 

 

Besides varying parameters in the data simulation algorithm, we varied the LTPD and 

𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐. The LTPD equals .1 in the default setting, and was in- and decreased to 0.2 and 

0.05. 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐, set to 0.05 in the default setting, was in- and decreased to 0.1 and 0.025. 

 

The parameters were varied univariately. Per setting, 100 trials were simulated. For settings in 

which no adjustment in the data simulation algorithm was required (i.e. the settings in which 

LTPD and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 were varied), the data simulated for the default setting were used. For 

practical reasons, the number of bootstrap samples 𝑘 was limited to 500. 

 

4. Results 

4.1. Trial-level outcomes 

Table 1 and Figure 1 show the results of the simulation study, in terms of the distributions of 

the trial-level outcomes in each simulated setting. In the default setting, the average ER per 

trial if no SDV would have been performed equals 0.056. If SDV was performed using 100% 

SDV, this ER decreases to 0.006. If, instead, the proposed random SDV strategy was used, 

the average post-SDV ER equals 0.023, and it would require, on average, SDV of 40.5 

percent of the CRF entries, almost half (18.0/40.5) of which was SDV-ed as part of the 

sampling process (the remaining half was inspected after lot rejections). 
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Setting Pre-SDV ER 
Post-SDV ER 

(100% SVD) 

Post-SDV ER 

(random SVD) 

Prop. SDV-ed 

(total) 

Prop. SDV-ed 

(in-sample) 

Default 0.056 (0.004) 0.006 (0.0004) 0.023 (0.0010) 0.405 (0.024) 0.180 (0.004) 

50 sites 0.057 (0.006) 0.006 (0.0007) 0.023 (0.0015) 0.409 (0.038) 0.181 (0.008) 

200 sites 0.057 (0.003) 0.006 (0.0003) 0.023 (0.0007) 0.407 (0.016) 0.180 (0.004) 

5 patient visits 0.072 (0.004) 0.007 (0.0005) 0.028 (0.0014) 0.491 (0.032) 0.188 (0.005) 

20 patient visits 0.046 (0.006) 0.005 (0.0006) 0.017 (0.0009) 0.321 (0.024) 0.149 (0.005) 

MV every 52 wks 0.056 (0.004) 0.006 (0.0004) 0.026 (0.0014) 0.348 (0.029) 0.144 (0.004) 

MV every 13 wks 0.056 (0.004) 0.006 (0.0004) 0.020 (0.0008) 0.476 (0.021) 0.232 (0.005) 

Low pre-SDV ER 0.030 (0.003) 0.003 (0.0003) 0.019 (0.0009) 0.251 (0.019) 0.163 (0.004) 

High pre-SDV ER 0.104 (0.006) 0.010 (0.0007) 0.024 (0.0011) 0.612 (0.026) 0.191 (0.005) 

LTPD = 0.05 See default 0.006 (0.0004) 0.011 (0.0006) 0.673 (0.022) 0.224 (0.005) 

LTPD = 0.2 See default 0.006 (0.0004) 0.031 (0.0014) 0.276 (0.023) 0.121 (0.008) 

𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐= 0.025 See default 0.006 (0.0004) 0.018 (0.0009) 0.484 (0.024) 0.150 (0.008) 

𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐= 0.1 See default 0.006 (0.0004) 0.023 (0.0010) 0.402 (0.023) 0.180 (0.004) 

      

Table 1. Means (standard deviations) of the trial-level outcomes in each of the simulated settings. 

All estimates are based on 100 simulated trials. 

 

As can be seen, the average outcomes are not structurally affected by the number of sites per 

the trial. There is, however, a clear inverse association between the number of sites and the 

variability of the outcomes, as was expected. 
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Increasing the duration of the trial (by increasing the number of required patient visits) 

decreases the pre-SDV ER. The post-SDV ER for 100% SDV and the workload for the 

random SDV strategy decrease as a direct consequence. It can also be seen that the post-SDV 

ER for the random SDV strategy decreases. Presumably this finding is due to the increased 

ability to make predictions: not only is less effort required, the effort that is required is used 

more effectively. 

 

Varying the time between two consecutive MVs does not affect the pre-SDV ER or the post-

SDV ER for 100% SDV. This is not surprising, since our simulations assume that there is no 

relation between the findings of SDV and future ERs, and the detection rate is assumed 

independent of 𝑁. However, there appears to be an effect on both the proportion SDV-ed and 

the post-SDV ER for random SDV. With larger lot sizes, fewer data entries require 

inspection. In this case, however, we do see an increase in the average post-SDV ER. 

 

Lower pre-SDV ERs result in a lower post-SDV ER, for both 100% SDV and random SDV, 

as compared to the default. In addition, there is a clear effect of the pre-SDV ER on the 

workload for the random SDV strategy: in the ‘high pre-SDV ER’ setting, 61.2% of the CRF 

entries required SDV, compared to 25.1% in the ‘low pre-SDV ER’ setting. As can be seen, 

this large difference is only to a small extent caused by differences in the relative sizes of the 

samples; it is mainly the result of the increased number of required post-rejection full 

inspections. 

 

The effects of varying the LTPD and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 are as anticipated: if set stricter, lower post-

SDV ERs are observed, at the cost of increased SDV workload. This finding appears to hold 

true especially for the LTPD. Note, however, that there appears to be no structural difference 

between the results of the default scenario and the scenario in which 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐= 0.1, due to 

the AOQLs of the sampling plans generated by the algorithm having an upper bound 

determined by 𝛽𝑠𝑝𝑒𝑐 (and vice versa). An additional interesting observation is that decreasing 

𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 results in a higher overall workload, but the proportion of that workload spend on 

inspection of samples is reduced. 
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4.2. MV-level outcomes 

Combining all MVs from all trials simulated in the default setting, 𝑁 (the number of CRF 

entries since the previous MV), equals, on average, 554.3. The sample size 𝑛, on the other 

hand, equals 99.6 on average. The average relative sample size 𝑛/𝑁 equals 0.21. Overall, in 

around 25% of the samples, the number of detected erroneous CRF entries exceeds the critical 

value 𝑐, resulting in full inspection of the 𝑁 CRF entries. On average, sampling plans 

generated by the algorithm correspond to a 𝛽 of .08 (close to 𝛽𝑠𝑝𝑒𝑐 = .10) and an AOQL of 

0.028 (smaller than 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 = .05). These results can be found in Table 2. 

 

Setting N n n/N 
Proportion 

rejected 
Observed β 

Observed 

AOQL 

Default 554.3 (289.8) 99.6 (56.1) 0.21 (0.13) 0.25 0.080 (0.022) 0.028 (0.009) 

50 sites 551.2 (289.8) 99.4 (55.8) 0.21 (0.14) 0.25 0.080 (0.022) 0.028 (0.009) 

200 sites 554.7 (290.5) 99.7 (56.1) 0.21 (0.13) 0.25 0.080 (0.022) 0.028 (0.009) 

5 patient visits 683.4 (295.4) 128.4 (57.7) 0.20 (0.08) 0.36 0.086 (0.014) 0.032 (0.007) 

20 patient visits 529.9 (242.1) 79.1 (53.2) 0.17 (0.12) 0.19 0.075 (0.025) 0.024 (0.009) 

MV every 52 wks 1097.4 (433.2) 157.6 (84.3) 0.15 (0.07) 0.22 0.083 (0.020) 0.035 (0.009) 

MV every 13 wks 302.6 (146.6) 70.2 (37.6) 0.25 (0.12) 0.31 0.079 (0.018) 0.023 (0.006) 

Low pre-SDV ER 553.0 (289.4) 89.9 (51.0) 0.19 (0.13) 0.11 0.078 (0.024) 0.027 (0.009) 

High pre-SDV ER 553.0 (291.1) 105.6 (65.7) 0.22 (0.15) 0.47 0.080 (0.021) 0.027 (0.009) 

LTPD = 0.05 See default 124.2 (66.8) 0.26 (0.14) 0.53 0.081 (0.019) 0.010 (0.004) 

LTPD = 0.2 See default 67.0 (70.5) 0.16 (0.17) 0.14 0.018 (0.021) 0.043 (0.009) 

𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐= 0.025 See default 83.0 (83.9) 0.18 (0.17) 0.33 0.058 (0.031) 0.021 (0.004) 

𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐= 0.1 See default 99.7 (56.2) 0.21 (0.13) 0.25 0.080 (0.023) 0.028 (0.009) 

 

Table 2. The MV-level outcomes in each of the simulated settings. For each setting, all MVs from all trials were 

combined. For all outcomes except the ‘proportion rejected’, means are provided (with standard deviations 

between brackets). 

 

In table 2, the MV-level outcomes of the other settings can be found as well. Since these 

outcomes are no longer on the trial level, they are unaffected by the number of sites per trial. 

However, when the follow-up duration (in terms of the number of patient visits) is increased, 

both 𝑁 and 𝑛 decrease. The reason for this finding is that the average number of CRF entries 

per patient visit becomes smaller. There appears to be no clear effect on  𝑛/𝑁, but the 

probability of batch rejection decreases as a result of the effect of time on the pre-SDV ERs. 

In addition, the 𝛽 and AOQL values of the sampling plans generated by the algorithm appear 

to decrease as the number of patient visits increases. Likely, this observation is a result of 𝑃𝑎 

and 𝜋 becoming more discrete for smaller values of 𝑁. 
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Increasing the time between consecutive MVs results, by definition, in an increase in 𝑁. It 

also increases 𝑛, but not proportionally, as the difference in 𝑛/𝑁 shows. Also, the probability 

of lot rejection decreases. Probably, this finding is related to the effect of the ER over time; 

the first MVs will likely result in rejection of the batch, unless the MV is performed late 

enough to ensure that the quality of the inspected batch is sufficient again. The 𝛽 and AOQL 

values of the sampling plans generated by the algorithm increase. The latter observation is, 

again, likely the result of the increased lot sizes. 

 

Increasing the pre-SDV error proportions appears to primarily affect the probability of 

rejecting the batch, as can be expected. In the low pre-SDV ER setting, the decision to 

perform full inspection was made in 11 percent of the SDV visits, versus 47 percent in the 

high pre-SDV ER setting. In addition, there might be a small effect of the pre-SDV ER on the 

selected sample sizes, but differences are small compared to the overall variation in the 

simulation results. 

 

Increasing the LTPD results in a decrease of 𝑛 (and, as a consequence, of 𝑛/𝑁). In addition, 

fewer lots are rejected. In the results for the observed 𝛽 and AOQL values, the dependency 

between the two becomes apparent: For the low and default values of the LTPD, the AOQL 

values are conservative, as they are bounded by 𝛽𝑠𝑝𝑒𝑐. For the LTPD = 0.2 setting, in 

contrast, the observed average value of 𝛽 (0.018) is conservative, while the AOQL is, on 

average, closer to 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐. 

 

Similarly, increasing the 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐 beyond its default value of 0.05 does not affect the 

results. Decreasing its value, however, results in a larger rejection probability (as can be 

expected) and in generated sampling plans that are conservative with respect to 𝛽, but not 

with respect to the AOQL. 

 

Note that an overview of the main characteristics of the simulated data is presented in 

Appendix B. 
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5. Discussion 

These results suggest significant cost savings may result from using acceptance sampling in 

the context of SDV: Although dependent on specific trial characteristics, post-SDV error rates 

range from 1 to 3.5 percent in the investigated scenarios. The proportion SDV-ed typically 

ranges from .3 to .6 (unless the pre-SDV ER is very high or low relative to the pre-specified 

criteria). 

 

To appreciate these findings, some aspects of the study need to be addressed: (1) Acceptance 

sampling is a reactive approach, and unlikely to improve quality levels of future batches. It is 

therefore advisable to implement acceptance sampling in combination with other 

methodologies aimed to improve the quality. (2) There is a large variation in workload, even 

within settings, making it difficult to determine/estimate the required workload (and the 

monitoring budget) a priori. (3) The acceptance sampling strategy assumes a single definition 

of what constitutes an error. This implies that between-monitor variation in error definitions 

should be reduced as much as possible, by providing a clear and generally applicable error 

definition. Since such a definition was not present in the trial from which the empirical data 

was obtained, we simply considered any entries that were later revised as being erroneous. 

This might have affected our empirical analysis (and as a consequence, our simulation study). 

 

There are certain limitations to the proposed acceptance sampling algorithm. Sampling entire 

patient visits (instead of individual CRF entries) may be practical, but, generally speaking, 

reduces the representativeness of the samples. Also, the results indicate that the strategy is 

conservative, implying that values for the LTPD and 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐  should not be chosen too 

strict, which makes it difficult to determine the optimal values. Another potential problem is 

that missing CRF fields may not be detected as such. For example, if a lab result did not reach 

the physician, the CRF entry form will not be generated, so SDV will not detect this value as 

being missing. This issue might be dealt with by considering SDV and checks for 

completeness as two separate processes. Also, it should be noted that the algorithm proposed 

here serves as an example or starting point. As the aims of inspection may differ per trial, the 

algorithm may require adjustment according to specific trial characteristics or aims. For 

instance, one might want to include the AQL after all (to limit the chances of incorrect lot 
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rejections, at the cost of larger sample sizes), make 𝛽𝑠𝑝𝑒𝑐 a function of 𝑁, consider double 

sampling plans, etc. Another possible adjustment would be to take inspection error into 

account formally (see, e.g. Govindaraju [19]). 

 

Further limitations are related to the set-up of the simulation study. For example, drop-outs or 

deaths were not simulated, a fixed inspection detection rate of .9 was assumed, the frequency 

of MVs was independent of the number of patients included per site, etc. In practice, the 

simulation algorithm may need to be adapted to more closely resemble the specific trial 

characteristics. Note also that the simulation setup differs to a large extent from the setup that 

was chosen by Grieve [11], and drawing comparisons in terms of the results should be done 

with caution. 

 

We limited our focus to the sampling procedure itself. We did not discuss the effect of errors 

on the final analysis. Although the observed post-inspection ERs appear sufficiently low for 

many purposes (i.e. below 3.5 percent), we did not investigate whether such error rates have 

the potential to affect a trial’s results. It would be interesting to perform further simulation 

studies on this topic as well (see also Grieve [11] for a discussion on this topic). 

 

Finally, random SDV is not the only alternative to 100% SDV. Other approaches that have 

been proposed are, e.g., ‘targeted SDV’ (i.e., focus SDV on high risk data points), ‘remote 

SDV’ (allowing SDV to be performed centrally), or hybrid approaches [1,4-7,9-15]. The 

TransCelerate Biopharma Inc. guidance on risk-based monitoring estimated that, of all 

generated queries, the percentage generated through SDV is as low as 7.8% overall and 2.4% 

in critical data [20]. These numbers may suggest not performing SDV at all. In addition, 

strategies to limit the possibility for transcription errors to occur in the first place (e.g., 

reducing complexity of CRFs or the amount of data collected, improving automated data 

entry checks, improved CRF training, direct data entry, etc.) should be considered. 

 

6. Conclusion 

We proposed a random SDV strategy based on acceptance sampling theory, similar to Grieve 

[11], but one that is more flexible, allowing for adjustments to guarantee correspondence 
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between the selected sampling plans and the actual aims of SDV inspection. We showed that 

material efficiency gains may be achieved when replacing a 100% source data verification 

approach with an acceptance sampling approach, particularly in trials with lower pre-SDV 

ERs and/or long follow-up. 

 

As a next step, we recommend that this acceptance sampling approach is implemented in an 

actual trial, to determine its characteristics and practical feasibility more realistically. Also, it 

is interesting to investigate which post-SDV ER levels are actually acceptable for various 

types of trials and analyses. In addition, it is recommended that regulatory agencies be more 

specific concerning their views on sampling-based approaches to SDV. 

 

Appendix A: Analysis of empirical trial data 

The data on which this analysis was performed came from a multi-center, multinational phase 

III trial and were obtained from the trial's data mutation logs. These logs contain information 

on every instance that a data field was entered into the CRF or that an existing entry was 

altered. For each of over 700 sites, we extracted the weekly number of initial CRF entries, and 

determined whether or not these entries were later modified. If so, the initial CRF entry was 

considered erroneous, unless the latest modification was performed within two days after the 

initial entry, as those cases are unlikely to have been encountered by a monitor during a site 

visit. We excluded CRF entries for which the initial entry was either (1) not performed by the 

site, or (2) not part of a patient visit after randomization. Due to specifics of the mutation 

logging system, a small portion (0.15 percent of all entries in the final dataset) of initial entry 

dates were intractable (while the corresponding mutation dates were not). These dates were 

therefore singly imputed using a random draw from the observed distribution of days between 

initial entries and modifications of that site. 

 

To these data, a logistic mixed effects regression model was fitted, regressing the weekly 

proportion of erroneous CRF items (for weeks in which at least one CRF data field was 

submitted) on the number of weeks since the first CRF entry. More specifically, we fitted the 

model 
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𝑙𝑜𝑔𝑖𝑡(𝑌) = 𝛽0 + 𝜉𝑠 + (𝛽1 + 𝜂𝑠)𝑡, 

 

where 𝑌 denotes the binary variable indicating whether a CRF entry was erroneous or not, 𝛽0 

denotes the fixed intercept, 𝜉𝑠 denotes the random intercept for each site, and 𝛽1 and 𝜂𝑠 

denote, respectively, the fixed and random effect of 𝑡, the number of weeks since the first 

CRF entry. An effect of time was assumed if 𝛽1 could be shown to be significantly different 

from zero (i.e. if its p-value < 0.05). 

 

Using the glmer function in the lme4 package for R [21,22], we estimated �̂�0 =  −2.235 (SE 

= 0.026) and �̂�1 =  −0.017 (SE = 0.0005, Z = -33.70, Wald p-value < 2e-16). Therefore, we 

assumed the presence of a time effect. The random effect parameters were estimated as 

�̂�𝜉
2 = 0.4709, �̂�𝜂

2 = 0.0002 and �̂�𝜉,𝜂 = −0.0041. 

 

Figure A1 shows, for all sites, the site-specific predicted proportion of erroneous CRF entries 

as a function of the number of weeks since first CRF entry. Furthermore, the overall curve 

based on the fixed effect estimates is displayed. As can be seen, the overall predicted 

proportion of erroneous CF entries equals 0.096 at 𝑡 = 0, and decreases to 0.011 at 𝑡 =

130.5, the median follow-up time. 
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Figure A1: Predicted proportions of erroneous CRF entries as a 

function of the number of weeks since first CRF entry per site (black 

curves) and overall (dashed grey curve). 

 

 

Appendix B: Simulated Trial Data 

Table B1 provides an overview of important characteristics of the simulated trial data. For 

example, in the default setting, 𝑆 = 100, so 100 sites were simulated per trial. As 

𝑁𝑝𝑎𝑡.𝑚𝑒𝑎𝑛 = 10, the average number of patients included per trial approximately equals 1000 

(here, 1001.3). Because 𝑉 = 10, the average number of patient visits is 10 times 1001.3. 

Also, since 𝛴𝐷𝑣 = 330, the average number of CRF entries per trial equals 330 times 1001.3. 

The number of MVs per site will typically equal 6, but may sometimes equal 5 if the 

distribution of 𝑡𝑠𝑝1 on a specific site happens to contain low values only. Per trial, the average 

number of MVs should therefore be close to 100 times 6, which corresponds to the 

observations. 
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Setting 
Number 

of sites 

Number of 

patients 

Number of  

patient visits 

Number of CRF 

entries 

Number of 

MVs 

Default 100 1001.3 (32.4) 10012.7 (324.4) 330419.1 (10706.0) 596.1 (1.9) 

50 sites 50 497.5 (22.7) 4975.4 (227.2) 164188.2 (7498.9) 297.9 (1.4) 

200 sites 200 2003.7 (44.2) 20037.4 (442.0) 661234.2 (14587.2) 1192.1 (2.8) 

5 patient visits 100 1000.1 (34.8) 5000.4 (173.8) 205018.5 (7125.8) 300 

20 patient visits 100 1001.5 (30.0) 20030.6 (600.6) 580887.4 (17418.0) 1096.1 (1.9) 

MV every 52 wks 100 997.6 (27.9) 9976.1 (279.1) 329211.3 (9211.0) 300 

MV every 13 wks 100 1004.8 (33.6) 10047.6 (336.4) 331570.8 (11102.3) 1095.9 (2.1) 

Low pre-SDV ER 100 998.6 (26.9) 9986.3 (269.2) 329547.9 (8883.8) 595.9 (1.8) 

High pre-SDV ER 100 998.2 (29.4) 9981.6 (294.3) 329392.8 (9711.3) 595.7 (2.2) 

      

Table B1. Means (standard deviations) of basic trial-level characteristics of the simulated trial 

data. All estimates are based on 100 simulated trials. Note that the settings consisting of variations 

of the LTPD or 𝐴𝑂𝑄𝐿𝑠𝑝𝑒𝑐  use the data from the default setting, and are therefore not separately 

provided in the table. 



37 

 

References 

1. Khosla R, Verma DD, Kapur A, Khosla S. Efficient source data verification. Indian J 

of Pharmacol. 2000; 32:180-186. 

2. Eisenstein EL, Lemons PW II, Tardiff BE, Schulman KA, King Jolly M, Califf RM. 

Reducing the costs of phase III cardiovascular clinical trials. Am Heart J. Mar 2005; 

149(3):482-488. 

3. Funning S, Grahnén A, Eriksson K, Kettis-Linblad Å. Quality assurance within the 

scope of good clinical practice (GCP) - what is the cost of GCP-related activities? A 

survey within the Swedish association of the pharmaceutical industry (LIF)’s 

members. Qual Assur J. 2009; 12:3-7. 

4. Tantsyura V, Grimes I, Mitchel J, et al. Risk-based source data verifications: pros and 

cons. Drug Inf J. 2010; 44:745-756. 

5. De S. Hybrid approaches to clinical trial monitoring: practical alternatives to 100% 

source data verification. Perspect Clin Res. 2011; 2(3):100-104. 

6. Getz K. Low hanging fruit in the fight against inefficiency. Appl Clin Trials. Mar 

2011. 

7. Hines S. Targeting source document verification. Applied Clinical Trials. Feb 2011. 

8. Tudor Smith C, Stocken DD, Dunn J, et al. The value of source data verification in a 

cancer clinical trial. PLOS ONE. 2012; 7(12):e51623. 

9. Radovich C, Frick J. Remote source document verification (rSDV): a sponsor 

perspective and results of implementation. The Monitor. Dec 2009. 

10. Bakobaki JM, Rauchenberger M, Joffe N, McCormack S, Stenning S, Meredith S. The 

potential for central monitoring techniques to replace on-site monitoring: findings 

from an international multi-centre clinical trial. Clin Trials. 2012; 9:257-264. 

11. Grieve AP. Source data verification by statistical sampling: issues in implementation. 

Drug Inf J. 2012; 46:368-377. 2012. 

12. Venet D, Doffagne E, Burzykowski T, et al. A statistical approach to central 

monitoring of data quality in clinical trials. Clin Trials. 2012; 9(6):705-713. 

13. FDA. Guidance for industry oversight of clinical investigations: a risk-based approach 

to monitoring. 2013. 



38 

 

14. Nielsen E, Hyder D, Deng C. A Data-Driven Approach to Risk-Based Source Data 

Verification. Ther Innov Regul Sci. 2014; 48(2):173-180. 

15. Uren SC, Kirkman MB, Dalton BS, Zalcberg JR. Reducing clinical trial monitoring 

resource allocation and costs through remote access to electronic medical records. J 

Onc Prac. 2013; 9(1):13-15. 

16. ICH. ICH harmonized tripartite guideline- guideline for good clinical practice E6(R1). 

1996. 

17. Montgomery DC. Introduction to statistical quality control. John Wiley & Sons, Inc. 

2009. ISBN 9780470169926. 

18. Taylor WA. Selecting statistically valid sampling plans. Qual Eng 1997; 10(2):365-

370. 

19. Govindaraju K. Inspection error adjustment in the design of single sampling attributes 

plan.  Qual Eng 2007; 19:227-233. 

20. TransCelerate BioPharma Inc. Position paper: Risk-based monitoring methodology. 

2013. URL: http://www.transceleratebiopharmainc.com/wp-

content/uploads/2013/10/TransCelerate-RBM-Position-Paper-FINAL-

30MAY2013.pdf 

21. R Core Team. R: A language and environment for statistical computing. R Foundation 

for Statistical Computing, Vienna, Austria. 2013. URL: http://www.R-project.org/. 

22. Bates D, Maechler M, Bolker B, Walker S. lme4: Linear mixed-effects models using 

Eigen and S4. R package version 1.0-6. 2014. URL: http://CRAN.R-

project.org/package=lme4. 

  



39 

 

 

 

Chapter 3 

 

A computationally simple central monitoring procedure, 

effectively applied to empirical trial data with known fraud 

 

Rutger M van den Bor 

Petrus WJ Vaessen 

Bas J Oosterman 

Nicolaas PA Zuithoff 

Diederick E Grobbee 

Kit CB Roes 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Journal of Clinical Epidemiology, 2017; 87, 59-69. 



40 

 

Abstract 

Objectives: Central monitoring of multi-center clinical trials becomes an ever more feasible 

quality assurance tool, in particular for the detection of data fabrication. More widespread 

application, across both industry-sponsored as well as academic clinical trials, requires central 

monitoring methodologies that are both effective and relatively simple in implementation. 

Study design and setting: We describe a computationally simple fraud detection procedure 

intended to be applied repeatedly and (semi-)automatically to accumulating baseline data and 

to detect data fabrication in multi-center trials as early as possible. The procedure is based on 

anticipated characteristics of fabricated data. It consists of seven analyses, each of which flags 

approximately 10% of the centers. Centers that are flagged three or more times are considered 

‘potentially fraudulent’ and require additional investigation. The procedure is illustrated using 

empirical trial data with known fraud. Results: In the illustration data, the fraudulent center is 

detected in the majority of repeated applications to the accumulating trial data, while keeping 

the proportion of false positive results at sufficiently low levels. Conclusion: The proposed 

procedure is computationally simple and appears to be effective in detecting center-level data 

fabrication. However, assessment of the procedure on independent trial datasets with known 

data fabrication is required. 
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1. Introduction 

The exact prevalence of fraud or data fabrication
1
 in clinical trials is difficult to estimate, but 

generally assumed to be low [1-6]. Whether it has a substantial impact on a trial’s outcomes 

depends on the extent and nature of the fraudulent behavior [1,5,7]. However, “even isolated 

and small amounts of fraud within a trial can cause significant doubts about its conclusions 

and have the potential to lead to a lack of public confidence for the clinical trial process in 

general” [5,p.226]. Moreover, being aware of recent cases of fraud may deter individuals 

from participating in clinical research [8]. Therefore, we agree with Friedman et al. [9,p.42], 

who state: “We condemn all data fabrication. It is important to emphasize that confidence in 

the integrity of the trial and its results is essential to every trial. If, through intentional or 

inadvert actions, that confidence is impaired, not only have the participants and potentially 

others in the community been harmed, the trial loses its rationale, which is to influence 

science and medical practice”. 

 

Traditionally, quality of trial data is monitored by on-site monitoring and source data 

verification. However, various authors (e.g. [1,4,5,7,10-12]) have argued that central site-by-

site comparisons of digitally available clinical trial data may be more effective than on-site 

monitoring visits in detecting fraud. For examples of central fraud detection strategies, see 

[1,2,4,5,11,13-17]. 

 

Fraud detection strategies commonly rely on statistical significance tests that are aimed to 

assess whether a center-specific data pattern deviates (in terms of e.g. means, variances, digit 

preference, etc.) from the overall data pattern. The decision to flag a center is then based on 

the resulting p-value. Although this general strategy may yield informative results, the 

assumption that low p-values are indicative for relevant deviations can be problematic, as (1) 

substantial structural variability is often observed between centers [11] (making a null 

hypothesis of no difference unrealistic to start with) and (2) the number of observations (i.e. 

recruited subjects) per center often is highly variable. If so, centers with relatively many 

observations will be structurally disadvantaged, as was observed by Kirkwood et al. [4, 

p.789]: “When a large number of data values were examined, even a small difference […] 

                                                           
1
We use the terms ‘fraud’ and ‘data fabrication’ interchangeably. 
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sometimes produced a small p-value […]”. In addition, if the central monitoring procedure is 

to be performed on an ongoing basis and/or the number of statistical tests is large, it easily 

becomes infeasible to assess whether the assumptions of the significance tests are met. 

 

In this paper, we propose an alternative strategy to detect possible fraud in multi-center trials. 

The strategy shares the aim of detecting deviating data patterns on the center level, but uses a 

weighting procedure, rather than significance tests, to take into account differences in center-

specific recruitment numbers. We illustrate the performance of the strategy by applying it 

repeatedly to accumulating empirical baseline data from a trial with known fraud. 

 

2. Proposed fraud detection strategy 

The proposed strategy consists of seven analyses that are based on anticipated characteristics 

of fabricated data, each of which returns a selection of approximately 10% of the centers that 

are ‘most suspicious’. The total number of analyses on which a center is flagged then serves 

as the basis for determining whether a center requires closer inspection. Centers are included 

if they recruited a minimum of five subjects. All analyses were programmed and performed in 

R [18]. Details are provided in the following sections. 

 

2.1. Anticipated characteristics of fabricated data 

A fraudulent staff member typically does not have access to any trial data besides the data 

from the subjects recruited by the specific center for which the staff member works. 

Consequently, we anticipate that, for continuously measured variables, distributions of 

fabricated observations will be different from the true observations. Fabricated data values 

may be, on average, too low or too high [1,4,5,19]. Also, data fabrication may become 

apparent by investigating the spread of the distributions [1,4,5,19,20]. Specifically, we expect 

variability to be lower in fabricated data, because fraudulent investigators either choose to 

refrain from fabricating extreme values to avoid triggering attention or simply underestimate 

the variability [20]. Bivariately, deviations may become apparent when comparing pair-wise 

correlations [1,2,4,5,20]. These expectations are assessed in analyses 1, 2 and 3. 
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In some respects, fabricated data may be expected to be ‘too perfect’. We anticipate that 

fabricated data will contain relatively few missing values. Also, we expect that the rate by 

which patients are recruited will be relatively constant over time, as a result of inclusion of 

either ineligible patients and/or phantom subjects. Analysis 4 and 5 concern these 

expectations. 

 

Another potential indication of fraud, assessed in analysis 6, is based on the notion that 

fraudulent investigators may fail to take into account the relative irregularity of subject visits 

taking place during weekends [1,4,5,7]. Finally, in analysis 7, we compared the distribution of 

first, second, or last digits [1,2,4,5,7,19]. This analysis is similar to the commonly employed 

fraud detection procedure based on Benford’s law [21], but using empirical, rather than 

assumed, reference distributions, as in [4]. 

 

2.2. Indicators 

The next step concerns the quantification of the expectations outlined in the previous section. 

This quantification should take into account the possibility that the data are not yet 

extensively cleaned [11], and should therefore be robust against outliers.  

 

We use the following indicators: For analysis 1, the ‘average difference’ is quantified using 

the ‘common language effect size’ of the Wilcoxon-Mann-Whitney test, comparing each 

center-specific distribution against the distribution observed when combining the patient data 

from all other centers. This measure varies from 0 to 1, and is interpreted as the proportion of 

possible pairs on which the value belonging to sample 1 is larger than the value belonging to 

sample 2 [22,23]. For analysis 2, the difference in spread is quantified as the natural logarithm 

of the ratio of inter-quartile ranges. The difference in pair-wise correlations (analysis 3) is 

quantified as the estimated absolute difference in Kendall’s τ correlations. For analysis 4, we 

use the difference in the proportion of missing data entries. The stability by which subjects are 

recruited (analysis 5) is quantified as the average difference between the observed cumulative 

proportion of recruited subjects as a function of time and the linear slope indicating a 

perfectly stable recruitment pattern. Values close to 0 indicate a stable recruitment pattern, 

while values close to 1 indicate non-stability. For analysis 6, we use the difference in 
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proportions of visits taking place during the weekend. Finally, to compare distributions of 

digits in analysis 7, we use the dissimilarity index, interpreted as the proportion of 

observations that needs to be adjusted in order to make the digit distribution on the center of 

interest equal to the digit distribution based on the observations from all other centers.
2
 

 

2.3. Accounting for variation in the number of observations per center 

Each center’s score on each of the indicators can be estimated from the observed data. 

However, when variation exists in center-specific recruitment numbers, a direct comparison 

of centers based on these estimates is problematic, because the estimates can be expected to 

be more variable when based on few observations. That is, it is not surprising to observe 

relatively extreme scores for centers with few recruited subjects. We account for this variation 

by means of a computationally simple and pragmatic weighting procedure that shrinks the 

estimated indicator values towards a certain null value indicative of ‘no data fabrication’. 

Denote the number of subjects recruited by center 𝑖 as 𝑛𝑖. Then, the weighted estimates are 

equal to the sum of 
𝑛𝑖

𝑚+ 𝑛𝑖
 times the estimated indicator value and 

𝑚

𝑚+ 𝑛𝑖
 times the null value. 

Constant 𝑚 represents a tuning parameter that determines the rate by which the weighted 

estimate converges from the null value to the estimate itself with increasing number of 

observations, and can informally be interpreted as a pseudo-count. Due to the difficulty in 

determining an optimal value for 𝑚 a priori, we repeat the analyses using multiple values (0, 

5, 10 and 20). Note that, in case an analysis is repeated for multiple variables, we average the 

variable-specific scores. For further details, we refer the reader to the R programs available 

from the Web Appendix
3
. 

 

2.4. Selection of potentially fraudulent centers 

In each analysis, we flag the subset of centers with indicator values that, after weighting, 

correspond to the 10% most extreme values. Therefore, each center can be flagged up to 

                                                           
2
Note that the dissimilarity index is known to suffer from an upward bias when dealing with few observations 

and/or a population value close to 0 [24]. For this reason, we chose to apply the bias correction procedure 

proposed by Mazza and Punzo [24] (specifically, we used the estimator denoted �̃�𝐵𝑜𝑜𝑡  in the original article). 
3
See http://www.jclinepi.com/article/S0895-4356(16)30398-5/abstract 
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seven times. Assuming that the chance of being flagged in each of the seven analyses indeed 

equals 10%, and assuming those probabilities are independent, we expect approximately half 

(48%) of the centers will not be flagged at all, 85% at most once, and 97% at most twice. 

Therefore, it appears reasonable to consider centers that are flagged three or more times to be 

worthy of increased inspection. 

 

3. Illustration on empirical trial data 

3.1. The Second European Stroke Prevention Study (ESPS2) 

The randomized, placebo-controlled, double-blind ESPS2 trial aimed to investigate the safety 

and efficacy of low-dose acetylsalicylic acid, modified-release dipyridamole, and a 

combination of the two agents for the prevention of ischemic stroke. The trial population 

consisted of patients who were at least 18 years old and who had experienced a transient 

ischemic attack or a completed ischemic stroke within the preceding three months. The 

analysis was based on data from 6602 patients that were recruited in 59 centers. Subjects were 

followed for two years. Further details and results are provided elsewhere [25]. 

 

However, data submitted by an additional center with 438 subjects had been excluded due to 

suspected fraud. In this case, initial doubts arose during standard monitoring, after which an 

investigation was carried out by the sponsor. This investigation revealed various atypical data 

patterns, such as unusually high recruitment rates and very low adverse event rates. 

 

The identity of 97% of the patients was retrieved, a subset of which was studied in more 

detail. This investigation revealed that, while the majority of patients did experience a 

qualifying event, there was no indication in the records that follow-up visits had taken place 

for the purpose of the trial, and patients (or their general practitioners) were unaware of their 

involvement in the trial [11,26,27]. For a detailed account of the discovery and handling of 

this specific case of fraud, see [26] and/or [27]. 

 

For the purpose of designing a fraud detection algorithm, we were given access to the baseline 

Case Report Form (CRF) data of the trial. Excluding conditional items (e.g. ‘if cardiac failure 

is present, specify the stage according to the NYHA classification’), the CRF consisted of 161 
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items, of which 18 were (semi-)continuous measurements (e.g. height, weight, sedimentation 

rate), 139 were binary or categorical measurements (e.g. smoking status, type of 

cerebrovascular accident, normal versus abnormal coordination of limbs), and 5 variables 

indicated dates (e.g. date of birth, date of cerebrovascular accident, date of planned next visit). 

 

Note, however, that the fraudulent investigator may not have truly fabricated all baseline CRF 

entries. As stated, most patients did experience a qualifying event, and information obtained 

as part of routine care may have been used without consent. However, we anticipate that 

fabrication would have been necessary for at least part of the CRF. 

 

The center-specific cumulative recruitment patterns as a function of the days since the first 

randomization in the trial are provided in Figure 1. Only few centers recruited more than 438 

patients. 

 

 

Figure 1. Overview of cumulative recruitment patterns as a function days since the first subject was 

recruited, for all 60 centers in the ESPS2 trial. The boxplot on the right shows the distribution of total 

center-specific subject numbers. The fraudulent center is displayed in red. 
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3.2. Methods 

3.2.1. Data used in the analyses 

Analysis 1, 2 and 3 all use the set of continuous variables (height, weight, systolic blood 

pressure, diastolic blood pressure, heart rate during general examination, heart rate during 

ECG, leucocytes, erythrocytes, platelets, haematocrit, haemoglobin, erythrocyte 

sedimentation rate, urea, creatinine, uric acid, fasting glucose, cholesterol, cholesterol LDL), 

as well as the set of variables indicating date differences (age, days since CVA, days since 

ECG measurements, days until the next subject visit). Analysis 4 uses the overall proportion 

of missing values, and is therefore based on all 161 items. Analysis 5 compares recruitment 

rates, thus requiring only the date of the baseline visit. Analysis 6 compares the proportion of 

subject visit dates taking place during weekends. Here, three such dates are available and 

used: the date of the ECG, the date of the baseline visit, and the planned date of the next visit. 

Analysis 7 is based on the same items as analyses 1, 2 and 3, but using the date values directly 

(i.e. the date of birth, the date of the CVA, the date of the ECG, the date of the baseline visit, 

and the planned date of the next visit).
4
 Note that, with very few observations, computational 

problems quickly become unavoidable. Therefore, centers with fewer than 5 subjects will not 

be considered for potential detection, and variables with very few observations are 

automatically removed from the analysis (again, see the R-programs in the Web Appendix for 

details). 

 

3.2.2. Investigated scenarios 

The fraudulent center in the ESPS2 trial (‘center 2013’) was initiated relatively early. In 

addition, its investigator ‘recruited’ a relatively large number of subjects (438 in total). 

Consequently, the number of subjects recruited in center 2013 (denoted by 𝑛2013) is relatively 

high at any moment during the recruitment period. Yet, it is of interest to assess the ability of 

the algorithms to detect the data fabrication in other, perhaps less optimal, scenarios as well. 

                                                           
4
For the majority of variables we focus on the second digit, because variation in the leading digit typically is 

limited. Only for diastolic blood pressure do we use the leading digit, because the measurements are frequently 

rounded to multiples of five. For date variables, we use the day of the month and focus on the last digit. 
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Therefore, we altered the data of center 2013 in various ways, yielding twelve different 

scenarios. An overview is presented in Table 1. 

 

 Early vs. late initiation of center 2013 

 Early Late (a) Late (b) 

Recruitment not halted 1 (438)* 1a (150) 1b (194) 

Recruitment halted at median  2 (92) 2a (92) 2b (92) 

Recruitment halted at 25
th

 percentile 3 (52) 3a (52) 3b (52) 

Recruitment halted at 10
th

 percentile 4 (15) 4a (15) 4b (15) 
    

Table 1. Overview of the scenarios used in the analysis. The numbers in brackets indicate the 

total number of subjects recruited in center 2013 in each scenario. *Setting 1 represents the 

empirical scenario. 

 

In scenario 1, the data is used as it was observed empirically. In scenarios 2, 3 and 4, we 

decrease 𝑛2013: In scenario 2, we halt the recruitment after 92 subjects (the median number of 

recruited subjects per center in the trial) are included. In scenario 3 and 4, we limit the number 

of subjects even further, to 52 and 15, respectively (the 25
th

 and 10
th

 percentile number of 

recruited subjects per center). 

 

In these scenarios, however, center 2013 is still one of the first centers to be initiated. 

Therefore, we manipulate the data in order to resemble the situation in which center 2013 was 

initiated last. We do so in two ways: First, we ‘shift’ recruitment (and all other) dates by 130 

weeks (scenarios 1a, 2a, 3a and 4a). Second, subjects recruited by center 2013 before the last 

center was initiated are removed from the data (scenarios 1b, 2b, 3b and 4b). Note that, 

because the end of the recruitment period is left unadjusted, these manipulations do affect the 

total number of subjects recruited by center 2013 for scenarios 1a and 1b. 

 

3.2.3. Repeated application to accumulating trial data 

The fraud detection strategy described in this paper is intended to be computationally simple, 

so that it can easily be applied repeatedly to accumulating trial baseline data and to detect 

potential cases of fraud (if it occurs) as early as possible.  

 

We apply the data fabrication detection procedure to the accumulating empirical baseline data 

every fourth week, but only after at least 5 centers are initiated. Therefore, the first run takes 
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place on the first day on which at least 5 centers recruited at least 5 subjects. For these data, 

this moment takes place  𝑇 = 59 days after the first subject was recruited. The last two runs 

(run number 52 and 53) are performed at 𝑇 = 1487 and 𝑇 = 1507, the latter being the day on 

which the last subject was recruited. Note that, since center 2013 was one of the first centers 

to be initiated, run 1 (at 𝑇 = 59) is not performed in the scenarios where the initiation date is 

delayed. 

 

3.3. Results 

As indicated, a center is considered potentially fraudulent when, in a given run of the fraud 

detection strategy, it is flagged on at least three of the seven analyses. In Table 2, we show the 

proportion of runs on which the fraudulent center is flagged zero through seven times, for 

each investigated scenario and every 𝑚. E.g. in simulation scenario 1 with 𝑚 = 10, center 

2013 was flagged two times in 4 percent of the runs, three times in 53 percent of the runs and 

four times in 43 percent of the runs. These results confirm the feasibility of using a threshold 

of being flagged on at least three out of seven analyses, as it appears to be the largest value 

that still results in frequent detection of center 2013 in most scenarios. 
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Scenario 𝒎 
 Number of times flagged  Flagged 3 or  

more times  0 1 2 3 4 5 6 7  

1* 0  0.13 0.13 0.15 0.53 0.06 - - -  0.58 

 5  - 0.02 0.09 0.64 0.25 - - -  0.89 

 10  - - 0.04 0.53 0.43 - - -  0.96 

 20  - - - 0.13 0.75 0.09 0.02 -  1.00 

1a 0  - - - 0.80 0.20 - - -  1.00 

 5  - - - 0.80 0.20 - - -  1.00 

 10  - - - 0.85 0.15 - - -  1.00 

 20  - - 0.05 0.50 0.45 - - -  0.95 

1b 0  - - 0.25 0.50 0.25 - - -  0.75 

 5  - - 0.30 0.30 0.40 - - -  0.70 

 10  - - 0.35 0.25 0.40 - - -  0.65 

 20  0.05 - 0.30 0.30 0.35 - - -  0.65 

2 0  0.13 0.04 0.38 0.45 - - - -  0.45 

 5  - 0.02 0.11 0.85 0.02 - - -  0.87 

 10  - - 0.04 0.91 0.06 - - -  0.96 

 20  - - - 0.87 0.09 0.02 0.02 -  1.00 

2a 0  - - - 1.00 - - - -  1.00 

 5  - - - 1.00 - - - -  1.00 

 10  - - - 1.00 - - - -  1.00 

 20  - - 0.05 0.70 0.25 - - -  0.95 

2b 0  - - 0.80 0.15 0.05 - - -  0.20 

 5  - - 0.85 0.10 0.05 - - -  0.15 

 10  - - 0.90 0.10 - - - -  0.10 

 20  0.05 - 0.85 0.10 - - - -  0.10 

3 0  0.13 0.06 0.19 0.62 - - - -  0.62 

 5  - 0.02 0.08 0.89 0.02 - - -  0.91 

 10  - - 0.04 0.87 0.09 - - -  0.96 

 20  - - - 0.04 0.92 - 0.04 -  1.00 

3a 0  - - - 1.00 - - - -  1.00 

 5  - - - 1.00 - - - -  1.00 

 10  - - - 1.00 - - - -  1.00 

 20  - - 0.05 0.10 0.85 - - -  0.95 

3b 0  - - 0.20 0.75 0.05 - - -  0.80 

 5  - - 0.50 0.45 0.05 - - -  0.50 

 10  - - 0.65 0.35 - - - -  0.35 

 20  0.05 - 0.85 0.10 - - - -  0.10 

4 0  0.04 0.02 0.09 0.83 0.02 - - -  0.85 

 5  - - 0.13 0.85 0.02 - - -  0.87 

 10  - - 0.30 0.68 0.02 - - -  0.70 

 20  - - 0.96 0.02 0.02 - - -  0.04 

4a 0  - - - 1.00 - - - -  1.00 

 5  - - - 1.00 - - - -  1.00 

 10  - - - 1.00 - - - -  1.00 

 20  - - 1.00 - - - - -  0.00 

4b 0  - - - - 1.00 - - -  1.00 

 5  - - - 0.15 0.85 - - -  1.00 

 10  - - 0.05 0.60 0.35 - - -  0.95 

 20  0.05 - 0.90 0.05 - - - -  0.05 
             

Table 2. For each investigated scenario and for varying 𝑚, the proportion of runs on which the fraudulent 

center is flagged 0 through 7 times, and the proportion of runs on which the fraudulent center was flagged at 

least three times. Values equal to 0 are represented by ‘-‘. *Scenario 1 represents the empirical scenario. 

 

Table 3 shows, for each simulation scenario, (1) the proportion of runs on which the 

fraudulent center was flagged on each of the analyses, and (2) the proportion of runs on which 

the fraudulent center was flagged at least three times.  
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   Early initiation of center 2013  Late initiation of center 2013 

                 
   Scenario 1 (𝑛2013 = 438)*  Scenario 1a (𝑛2013 = 150)  Scenario 1b (𝑛2013 = 194) 

   𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎 

Analysis 1 (‘average’ values)   0.00 (0) 0.00 (0) 0.02 (0) 0.45 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 2 (variability)   0.60 (1) 0.94 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 0.95 (1) 0.95 (1) 
Analysis 3 (pair-wise correlations)   0.00 (0) 0.00 (0) 0.00 (0) 0.04 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.25 (0)  0.05 (0) 0.05 (0) 0.05 (0) 0.00 (0) 
Analysis 4 (missing values)   0.21 (0) 0.28 (0) 0.30 (0) 0.34 (0)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 5 (recruitment pattern)   0.60 (0) 0.64 (1) 0.66 (1) 0.68 (1)  0.20 (1) 0.20 (1) 0.15 (1) 0.20 (1)  0.45 (1) 0.50 (1) 0.50 (1) 0.45 (1) 
Analysis 6 (visits during weekends)   0.08 (0) 0.25 (0) 0.42 (1) 0.49 (1)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.50 (0) 0.55 (1) 0.55 (1) 0.55 (1) 
Analysis 7 (digit preference)   0.75 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1) 

Flagged 3 or more times   0.58 (0) 0.89 (1) 0.96 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1)  0.75 (1) 0.70 (1) 0.65 (1) 0.65 (1) 

                 
   Scenario 2(𝑛2013 = 92)  Scenario 2a (𝑛2013 = 92)  Scenario 2b (𝑛2013 = 92) 

   𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎 

Analysis 1 (‘average’ values)   0.00 (0) 0.00 (0) 0.02 (0) 0.09 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 2 (variability)   0.45 (1) 0.91 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 0.95 (1) 0.95 (1) 
Analysis 3 (pair-wise correlations)   0.00 (0) 0.00 (0) 0.00 (0) 0.04 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.25 (0)  0.05 (0) 0.05 (0) 0.05 (0) 0.00 (0) 
Analysis 4 (missing values)   0.87 (1) 0.94 (1) 0.96 (1) 0.98 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 5 (recruitment pattern)   0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.10 (0) 0.10 (0) 0.10 (0) 0.10 (0) 
Analysis 6 (visits during weekends)   0.02 (0) 0.02 (0) 0.04 (0) 0.08 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.10 (0) 0.05 (0) 0.00 (0) 0.00 (0) 
Analysis 7 (digit preference)   0.81 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1) 

Flagged 3 or more times   0.45 (1) 0.87 (1) 0.96 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1)  0.20 (0) 0.15 (0) 0.10 (0) 0.10 (0) 

                 
   Scenario 3 (𝑛2013 = 52)  Scenario 3a (𝑛2013 = 52)  Scenario 3b (𝑛2013 = 52) 

   𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎 

Analysis 1 (‘average’ values)   0.00 (0) 0.00 (0) 0.04 (0) 0.13 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 2 (variability)   0.62 (1) 0.96 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 0.95 (1) 0.95 (1) 
Analysis 3 (pair-wise correlations)   0.00 (0) 0.00 (0) 0.00 (0) 0.87 (1)  0.00 (0) 0.00 (0) 0.00 (0) 0.85 (1)  0.05 (0) 0.05 (0) 0.05 (0) 0.00 (0) 
Analysis 4 (missing values)   0.81 (1) 0.91 (1) 0.94 (1) 0.96 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 5 (recruitment pattern)   0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.70 (1) 0.45 (0) 0.35 (0) 0.10 (0) 
Analysis 6 (visits during weekends)   0.02 (0) 0.04 (0) 0.08 (0) 0.08 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.10 (0) 0.05 (0) 0.00 (0) 0.00 (0) 
Analysis 7 (digit preference)   0.85 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1) 

Flagged 3 or more times   0.62 (1) 0.91 (1) 0.96 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1)  0.80 (1) 0.50 (0) 0.35 (0) 0.10 (0) 

                 
   Scenario 4 (𝑛2013 = 15)  Scenario 4a (𝑛2013 = 15)  Scenario 4b (𝑛2013 = 15) 

   𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎  𝒎 = 𝟎 𝒎 = 𝟓 𝒎 = 𝟏𝟎 𝒎 = 𝟐𝟎 

Analysis 1 (‘average’ values)   0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 2 (variability)   0.92 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 0.95 (1) 0.95 (1) 
Analysis 3 (pair-wise correlations)   0.02 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  1.00 (1) 0.85 (1) 1.00 (1) 0.05 (1) 
Analysis 4 (missing values)   0.91 (1) 0.87 (1) 0.70 (1) 0.04 (0)  1.00 (1) 1.00 (1) 1.00 (1) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 5 (recruitment pattern)   0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0) 
Analysis 6 (visits during weekends)   0.02 (0) 0.02 (0) 0.02 (0) 0.02 (0)  0.00 (0) 0.00 (0) 0.00 (0) 0.00 (0)  1.00 (1) 1.00 (1) 0.35 (0) 0.00 (0) 
Analysis 7 (digit preference)   0.91 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 1.00 (1)  1.00 (1) 1.00 (1) 1.00 (1) 0.95 (1) 

Flagged 3 or more times   0.85 (1) 0.87 (1) 0.70 (1) 0.04 (0)  1.00 (1) 1.00 (1) 1.00 (1) 0.00 (0)  1.00 (1) 1.00 (1) 0.95 (1) 0.05 (1) 

                 

                 

Table 3. Per simulation scenario, the proportion of runs on which the fraudulent center was flagged (per 

analysis), and the proportion of runs on which the fraudulent center was flagged at least three times. The values 

of 0 and 1 between brackets indicate whether center 2013 was flagged in the last run (performed at 𝑇 =  1507 

days after the first subject was included in the trial).*Scenario 1 represents the empirical scenario. 

 

For scenario 1, it can be observed that the overall probability of detection is high (at least 

0.58) and increases to unity with increasing 𝑚. The effectiveness appears to be primarily 

driven by analysis 2 and 7, both of which flag center 2013 frequently, most prominently when 

𝑚 equals 5, 10 or 20. The fraudulent center was also commonly flagged in analysis 4, 5 and 6. 

In contrast, analysis 1 and 3 appear relatively ineffective. 

 

When reducing the number of subjects recruited in center 2013 (scenarios 2, 3 and 4) or when 

postponing the initiation of center 2013 by shifting (scenarios 1a, 2a, 3a, and 4a), the 
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probability of detecting center 2013 remains high, the only exception being scenario 4 and 4a 

with 𝑚 = 20. For analyses 1, 2, 3 and 7, performance is comparable to the performance in 

scenario 1. However, the effectiveness of analysis 5 and 6 is reduced, while the performance 

of analysis 4 improves. 

 

When the initiated date of center 2013 is postponed by removing the subjects recruited first 

(scenarios 1b, 2b, 3b, and 4b), results are more ambiguous. The probability of detection is 

drastically reduced in scenario 2b and 3b. Overall, the proportion of runs on which the 

fraudulent center is flagged is high for analysis 2 and 7 and low for analysis 1 and 4. The 

performance of the remaining analyses, however, varies considerably per scenario. 

 

Table 4 provides information regarding the probability with which the procedure falsely 

identifies non-fraudulent centers as being potentially fraudulent: (1) the median proportion of 

false positive detections over the repeated runs, (2) the false positive rate on the last run, and 

(3) the unique number of centers detected at least once over the full set of runs (note that the 

total number of centers equals 60). No material differences are observed between the different 

scenarios. Two observations can be made: First, the false positive rate is relatively high 

(around 0.09) with 𝑚 = 0, but decreases to around 0.02 with increasing 𝑚. Second, the 

number of centers that is detected at least once, while of course dependent on the number of 

runs, can be limited by choosing a sufficiently large value for 𝑚. 
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Scenario 𝒎 
Median (Q1, Q3) false 

positive rate 

False positive rate 

on last run 

Unique false positive 

detections (count) 

1* 0 0.09 (0.07, 0.10) 0.09 31 

 5 0.04 (0.03, 0.05) 0.04 16 

 10 0.04 (0.02, 0.05) 0.02 13 

 20 0.02 (0.02, 0.04) 0.02 7 

1a 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.03, 0.06) 0.04 19 

 10 0.04 (0.02, 0.05) 0.02 16 

 20 0.02 (0.02, 0.04) 0.02 14 

1b 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.03, 0.06) 0.04 21 

 10 0.04 (0.02, 0.05) 0.02 14 

 20 0.02 (0.02, 0.04) 0.02 14 

2 0 0.09 (0.07, 0.09) 0.09 31 

 5 0.04 (0.03, 0.05) 0.04 17 

 10 0.04 (0.02, 0.05) 0.02 12 

 20 0.02 (0.02, 0.04) 0.02 9 

2a 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.04, 0.06) 0.02 20 

 10 0.04 (0.02, 0.05) 0.02 15 

 20 0.02 (0.02, 0.04) 0.02 14 

2b 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.02, 0.06) 0.02 20 

 10 0.04 (0.02, 0.05) 0.02 15 

 20 0.02 (0.02, 0.04) 0.02 14 

3 0 0.09 (0.07, 0.09) 0.09 31 

 5 0.04 (0.02, 0.05) 0.02 16 

 10 0.04 (0.02, 0.05) 0.02 12 

 20 0.02 (0.02, 0.04) 0.02 9 

3a 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.03, 0.05) 0.02 21 

 10 0.04 (0.02, 0.05) 0.02 14 

 20 0.02 (0.02, 0.04) 0.02 14 

3b 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.03, 0.05) 0.04 22 

 10 0.04 (0.02, 0.05) 0.02 14 

 20 0.02 (0.02, 0.04) 0.02 14 

4 0 0.08 (0.06, 0.09) 0.09 27 

 5 0.04 (0.02, 0.05) 0.02 18 

 10 0.04 (0.02, 0.05) 0.02 11 

 20 0.02 (0.02, 0.04) 0.02 10 

4a 0 0.09 (0.07, 0.09) 0.09 30 

 5 0.04 (0.04, 0.06) 0.04 20 

 10 0.04 (0.02, 0.05) 0.02 15 

 20 0.02 (0.02, 0.04) 0.02 14 

4b 0 0.07 (0.07, 0.09) 0.07 30 

 5 0.04 (0.02, 0.05) 0.02 20 

 10 0.04 (0.02, 0.05) 0.02 14 

 20 0.03 (0.02, 0.04) 0.02 14 

     

Table 4. For every scenario and 𝑚, the median (and Q1 and Q3) false positive rate over the runs, the false 

positive rate on the last run, and the unique number of non-fraudulent centers that were detected on at least one 

of the runs (note: in total, 60 centers were initiated. On the last run, the analysis included 57 non-fraudulent 

centers, as two centers recruited fewer than 5 subjects). *Scenario 1 represents the empirical scenario. 
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With respect to the choice of 𝑚, choosing a larger value reduces the false positive rate, but 

complicates the detection of a fraudulent center (if present) if that center recruited a limited 

number of subjects. Our results suggest that using 𝑚 = 5 or 𝑚 = 10 yields a reasonable 

trade-off. 

 

For the empirical scenario, detailed graphical results are provided in Figure 2. In it, each 

center is represented by a horizontal line. For each of the 53 runs of the detection procedure, 

the color of the line segment indicates the number of analyses on which the center was 

flagged. These results show that, besides center 2013, one other center (the center marked 

with an ‘X’) is consistently flagged three or more times. This center, however, included only 

five patients in total. Although additional monitoring would have been advisable had the trial 

still been ongoing, we expect this finding to be a false positive result. 

 

4. Discussion 

In this paper, we described a computationally simple procedure for the detection of data 

fabrication in multicenter clinical trials. The procedure was illustrated retrospectively on 

empirical trial data with known fraud. When applied repeatedly to the accumulating trial data, 

the procedure detects the fraudulent center in the majority of runs. Letting pseudo-count 𝑚 

equal 5 or 10, detection rates amount to 87 or 96 percent. In the empirical data, the fraudulent 

center was initiated early in the recruitment period and ‘recruited’ a relatively large number of 

subjects. However, with few exceptions, good performance was maintained when postponing 

the center’s initiation date or limiting its ‘recruitment’. The proportion of false positive 

findings on any run was typically low, with median proportions never exceeding 0.04 when 𝑚 

equals 5, 10, or 20. Of the seven analyses that constitute the detection procedure, the analysis 

comparing the variability of continuous distributions and the analysis concerning digit 

preference, i.e. analyses 2 and 7, appeared to be most informative in the empirical data. Least 

informative were the analyses comparing the location of continuous distributions (analysis 1) 

and the analysis comparing pair-wise correlations (analysis 3). It should be determined 

whether these results are generalizable to other cases of data fabrication. 
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There are several potential limitations related to the proposed fraud detection strategy. First, it 

is based on assumptions regarding the characteristics of fabricated data, and these 

assumptions need not always hold. Second, out of the seven analyses, four utilize variables 

that are measured on a (semi-)continuous scale. Therefore, it can be problematic to apply the 

procedure to a trial in which no or only few of such variables are collected. Third, the 

procedure is specifically intended to discover data fabrication and will therefore not 

necessarily aid in detecting other types of errors, although similar procedures could perhaps 

be constructed for other purposes as well. Finally, a problem with the repeated application of 

the procedure to accumulating data is that, while the proportion of false positive findings may 

be limited when assessed for each run separately, the total number of centers that would 

require additional investigation over the course of recruitment period as a whole may still be 

relatively large. Although this number can be reduced by increasing 𝑚 or by reducing the 

number of runs, a more stringent selection strategy may need to be considered. 

 

Improvements to the proposed strategy may be possible. First, the current strategy uses 

baseline data only. Although this keeps the strategy simple in implementation and enables its 

application early in the trial, additional analyses that make use of repeated measures or 

adverse event data may be incorporated. Second, we chose 𝑚 to be constant. In practice, one 

might consider using analysis- or even variable-specific values for 𝑚. 

 

Although the procedure appears promising when applied to the ESPS2 data, we stress that the 

application serves as an illustration, and not as a formal performance analysis, which would 

require (preferably blinded) assessment using independent trial data. Also, the two data 

manipulation approaches aimed to postpone the initiation of the  fraudulent center have their 

drawbacks: The first approach ignores possible changes in the trial protocol or seasonal 

effects, and the second approach treats subjects that were actually recruited relatively late as if 

they were among the first subjects to be recruited by the center.  

 

Quantitative assessment of the performance of fraud detection strategies is difficult due to the 

limited availability of empirical trial data containing known data fabrication. As a 

consequence, comparing the performance of the detection procedure proposed here to other 
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strategies is difficult as well, although doing so might be an interesting focus of future 

research. We invite those with access to data with known fraudulent cases to independently 

validate the proposed approach and provide suggestions for adaptation or further refinement. 

The R programs that were used are available from the Web Appendix. 

 

5. Conclusion 

Central monitoring of multi-center clinical trials becomes an ever more feasible quality 

assurance tool, and may be particularly useful for the detection of fraud. Common strategies 

to detect fraud rely on comparisons of center-specific P-values, which might be problematic 

when the number of subjects recruited per center varies, and which are not always robust 

against data entry errors. We propose an alternative, computationally simple fraud detection 

procedure, and have illustrated its application on empirical trial data with known fraud. In 

these data, the probability of detecting the fraudulent center was, in general, high, while false 

positive rates were low. 
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Abstract 

Failure to meet subject recruitment targets in clinical trials continues to be a widespread 

problem with potentially serious scientific, logistical, financial and ethical consequences. On 

the operational level, enrollment-related issues may be mitigated by careful site selection and 

by allocating monitoring or training resources proportionally to the anticipated risk of poor 

enrollment. Such procedures require estimates of the expected recruitment performance that 

are sufficiently reliable to allow centers to be sensibly categorized. In this study, we 

investigate whether information obtained from feasibility questionnaires can potentially be 

used to predict which centers will and which centers will not meet their enrollment targets by 

means of multivariable logistic regression analysis. From a large set of 59 candidate 

predictors, we determined the subset that is optimal for predictive purposes using Least 

Absolute Shrinkage and Selection Operator (LASSO) regularization. Although the extent to 

which the results are generalizable remains to be determined, they indicate that the prediction 

accuracy of the optimal model is only a marginal improvement over the intercept-only model, 

illustrating the difficulty of prediction in this setting. 
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1. Introduction 

Successful completion of a clinical trial requires pre-specified recruitment targets to be met. 

However, failure to recruit sufficient numbers of subjects in clinical trials continues to be a 

widespread problem with potentially serious scientific, logistical, financial and ethical 

consequences [1-5]. 

 

On the operational level, enrollment-related issues may be mitigated by careful site selection 

(i.e., by primarily initiating centers likely to meet enrollment targets and timelines), and by 

allocating monitoring or training resources proportionally to the anticipated risk of poor 

enrollment. Often, considerable effort is made to collect information on topics related to 

enrollment performance by means of extensive feasibility questionnaires. Yet, how to reliably 

draw an a priori distinction between centers that will and centers that will not meet their 

enrollment targets, and whether doing so is sensible, is unclear. It requires knowledge 

concerning potential associations between quantifiable center-specific factors and recruitment 

performance. 

 

In this study, we investigate such associations. In a broad sense, it shares this aim with many 

earlier studies (e.g. [4, 6-13]). Note, however, that there exist considerable heterogeneity 

between these studies in terms of e.g. medical context, methodology, the operationalization of 

‘recruitment performance’, and the results, making it far from clear which factors should be 

used for the purpose of an operational risk classification. 

 

Prior to the recruitment phase, investigators are typically required to present an enrollment 

plan, based on their expectations regarding the available number of eligible patients, their 

willingness to cooperate, available staff members, etc. In this study, we consider enrollment 

to be successful if this center-specific pre-specified enrollment target is met. To our 

knowledge, only studies described by Reuter and Esche [9] and Getz [11] use this definition 

as well: Reuter and Esche [9] assessed the association between meeting enrollment targets 

and various feasibility questionnaire responses (aimed to measure, among others, the size of 

the potential patient pool, site/staff experience, and concerns with respect to the 

investigational medicinal product) in a phase III rheumatoid arthritis clinical trial, but did not 
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detect any significant associations. Getz summarizes the results of a study that concludes that 

“once a particular site has conducted six to 10 clinical trials, that site has a higher likelihood 

of meeting enrollment targets within the requisite time frame.” [11, p.1]. 

 

We use data obtained from a large, international, placebo-controlled, phase III cardiovascular 

clinical trial to further evaluate possible associations between center-specific factors and 

recruitment performance. We consider a large set of candidate predictors obtained from the 

trial’s feasibility study. To assess whether there exists a subset of candidate predictors that 

can help to identify which centers will and which will not meet their enrollment target, we use 

logistic regression analysis in combination with variable selection through Least Absolute 

Shrinkage and Selection Operator (LASSO) regularization. 

 

2. The AleCardio trial 

The AleCardio trial (ClinicalTrials.gov identifier: NCT01042769) aimed to assess the effect 

of treatment with Aleglitazar on cardiovascular mortality and morbidity in patients with 

known or newly diagnosed type 2 diabetes (T2D) who experienced a recent acute coronary 

syndrome (ACS) event. Patient enrollment in the trial took place between February 2010 and 

May 2012. In July 2013, the trial was halted due to futility for efficacy and increased rates of 

safety endpoints. In total, over 7000 patients were included by over 700 sites in Asia Pacific, 

China, Eastern Europe and Russia, India, Latin and South America, North America and 

Western Europe. For more detailed accounts of the design and results of this trial, see Lincoff 

et al. [14, 15]. 

 

We use data from 811 centers for which an enrollment target was set and which were actually 

initiated. Note that not all of these centers ended up enrolling subjects. In fact, 88 centers 

were closed before the anticipated end of the recruitment period, typically because they failed 

to enroll any subject. 
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3. Methods 

3.1. Outcome and candidate predictors 

The outcome of interest is quantified as the dichotomous variable indicating whether a center 

met its enrollment target timely (0=no, 1=yes). We treat the 88 centers that were closed early 

as not having met their target, as we consider the theoretical possibility that these centers (had 

they not been closed early) would have met their enrollment targets infeasible. 

 

Candidate predictors were obtained from the feasibility questionnaire data, an extensive 

source of information during the center initiation phase. Information was extracted for all 

items which may possibly associated with recruitment performance, yielding a total of 56 

candidate predictor variables. In addition, three candidate predictors were extracted from the 

recruitment planning that the centers were required to provide: the expected (i.e., target) 

number of subjects recruited, the expected number of months required to meet that target, and 

the anticipated screen failure rate. The 59 candidate predictors can be categorized into seven 

categories: (1) general center characteristics, (2) staff availability, (3) clinical trial experience, 

(4) patient pool characteristics, (5) potential/perceived enrollment challenges, (6) recruitment 

plan and strategies, and (7) contract execution and protocol approval. More details are 

provided in Appendix A. 

 

3.2. Descriptive analyses 

For descriptive purposes, we describe the distribution of the target and actual number of 

enrolled subjects and calculate the proportion of centers meeting the enrollment target. In 

addition, we regress the outcome variable (i.e., the dichotomous variable indicating whether a 

center met its enrollment target) on the full set of candidate predictors using multivariable 

logistic regression analysis, fitted using quasi-likelihood estimation to account for possible 

overdispersion. 

 

3.3. Variable selection procedure 

We use LASSO regularization [16] to determine the subset of candidate predictors that is 

optimal in terms of prediction accuracy when regressing the outcome on the candidate 

predictors through multivariable logistic regression analysis. In the estimation of the 
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regression coefficients, LASSO regularization enables regression coefficient estimates to be 

shrunk to exactly zero, thereby realizing variable selection. The amount of shrinkage applied 

to the regression coefficient estimates, and hence the number of regression coefficient 

estimates equal to zero, is determined by the value of the tuning parameter 𝜆, with larger 

values of 𝜆 representing more shrinkage. To determine the appropriate value of 𝜆, we first 

estimate the model’s out-of-sample prediction error (in terms of the Brier score) by cross 

validating a grid of 500 possible 𝜆 values through 10-fold cross validation (CV). Two 

common options for selecting 𝜆 are (1) to select the value of 𝜆 for which the CV error is 

minimized, and (2) to use the 1-standard error (1-SE) rule, i.e. to select the largest value of 𝜆 

for which the CV error is within one SE from the minimum CV error. We apply both 

strategies. To ensure that all levels of categorical predictors are either in- or excluded from the 

model, a so-called group LASSO is used, as implemented in the R [17] package ‘grplasso’ 

[18]. To account for model-selection instability caused by the random selection of the 10 CV 

folds, we repeat the CV 20 times and calculate the 95
th

 percentile of the 20 selected 𝜆 values 

(see [19]). For each model, we assess the (range of) CV error values at the selected value of 𝜆. 

In addition, we determine the (range of) cross validated area under the curve (CV-AUC) 

values for each model at the selected value of 𝜆 to investigate the discriminatory power of the 

models. 

 

3.4. Missing data handling 

Table A1 shows the proportion of missing values for each of the candidate predictors. No 

values were missing for the outcome variable. Using the R [17] package ‘mice’ [20], we 

impute missing values ten times by means of predictive mean matching (for numeric data), 

logistic regression imputation (for binary data), polytomous regression imputation (for 

unordered categorical data) or proportional odds regression (for ordinal data), the default 

options in the mice function. As a consequence, the variable selection procedure is repeated 

ten times. Note that a complete case analysis was performed to assess the impact of removing 

centers with missing values (results are described in Appendix C). 
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4. Results 

4.1. Descriptive analyses 

 

 
 

Figure 1. Violin plots and boxplots showing the distribution of (1) the center-specific enrollment targets, (2) the actual 

number of subjects enrolled, and (3) the difference between the enrollment target and the actual number of subjects 

enrolled. 

 

Figure 1 shows the distribution of (1) the center-specific enrollment targets, (2) the actual 

number of subjects enrolled, and (3) the difference between the enrollment target and the 

actual number of subjects enrolled. The median center-specific enrollment target equals 10.1 

(Q1: 7.5, Q3: 11.5). The median number of actually recruited subjects equals 4.0 (Q1: 1.5, 

Q3: 9.00). It can be seen that only few centers (18.2 percent, 95% Wilson’s CI: 15.7 – 21.1) 

met their enrollment target. 

 

Regressing the outcome (i.e., the variable indicating whether a center met its recruitment 

target) on the full set of candidate predictors by means of a quasi-binomial generalized linear 

model and pooling over the multiply imputed datasets yields the results shown in Table 1 (in 

which, for presentation purposes, only predictors with associated p-values lower than 0.1 are 

displayed). 
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Predictor Description �̂� SE P-value 

(Intercept) - -4.214 2.198 - 

     

GCC.region The region in which a center is located.   <0.001 
 Asia Pacific  (Ref) -  

 China  1.130 0.626  

 E.Europe/Russia  0.021 0.504  
 India  1.001 0.674  

 Latin/S. America  0.412 0.550  

 N. America/Can.  -1.142 0.513  
 W. Europe  -0.817 0.489  

      

GCC.clinic Indicates whether the center can be considered a clinical setting (0=no, 

1=yes) 
0.931 0.357 0.003 

     

CTE.distrials_dep The department’s experience (in number of trials) with clinical trials 
conducted in this disease area. 

  0.052 

 None  (Ref) -  

 1 to 5  0.657 0.476  
 6 to 9  1.248 0.536  

 10 or more  1.200 0.538  

      
PEC.stmed Indicates whether the center expects the study medication to be a challenge 

with respect to enrollment. Rated from 1 to 5 with number 1 being the most 

challenging. 

-0.189 0.115 0.072 

     

RPS.alterncontact Indicates whether the center has stated to be both willing and capable of 

utilizing alternate contact information for patients, including that of family 
and friends, to assist in maintaining patient contact (0=no, 1=yes). 

-0.548 0.301 0.060 

     

RPS.recr_dur The planned length (in months) of the follow-up period 0.100 0.032 0.002 
     

RPS.webcasts Indicates whether the center has stated to be both willing and capable of 

providing periodic webcasts for patients (0=no, 1=yes). 
-1.289 0.628 0.034 

     

CEPA.comm_approv The total number of days required from submission of essential study 
documents to obtain final protocol approval from all of the site’s required 

committees combined. 

  0.036 

 1 to 10  (Ref) -  
 11 to 20  -1.001 0.472  

 21 to 30  -0.499 0.409  

 31 to 60  -0.706 0.417  
 Greater than 60  0.165 0.494  

      

Table 1. Pooled regression coefficient estimates (�̂�), standard errors (SE), and p-values for the quasi-binomial generalized 

linear model regressing the outcome (i.e. the variable indicating whether a center met its recruitment target) on the full set of 

candidate predictors. For presentation purposes, the table only includes predictors associated with p-values lower than 0.1. 

P-values are based on likelihood ratio tests comparing the full model against the model without the predictor. The estimate of 

the dispersion parameter ranged from 1.07 to 1.14. See Appendix A for a more detailed description of the variables. 
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4.2. Predictor selection 

Table 1 already provides an indication of which candidate predictors are potentially 

important, but the results of the more formal variable selection procedure (for each multiply 

imputed dataset) are presented in Table 2. For instance, when using the ‘minimum CV error’ 

strategy to select the shrinkage parameter 𝜆 on the first multiply imputed dataset, it can be 

observed that that the selected value of 𝜆 (scaled to the maximum possible value) equals 

0.239. At that value of lambda, the CV error ranges
5
 from 0.142 to 0.145, the CV-AUC 

ranges from 0.643 to 0.675, and the selected model contains 13 predictors plus an intercept 

term. The corresponding CV-plot is provided in Appendix B. It can be observed that, while 

the CV error and CV-AUC values are similar over the multiply imputed datasets, the set of 

selected predictors is not, although a subset of eight candidate predictors is selected 

consistently. 

 

These results, however, do not hold when the 1-SE rule is used to select 𝜆. In that case, the 

selected value of λ consistently equals its maximum possible value, thus yielding intercept-

only models. However, in terms of prediction accuracy, the negative consequences of doing 

so are marginal, as observed by the limited increase in the CV error and the limited decrease 

in the CV-AUC. 

 

 

 

 

 

 

 

 

 

 

 

 
                                                           
5
The CV error and the CV-AUC are variable because the CV procedure was repeated 20 times, as explained in 

section 3.3. 
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Strategy for 

selecting λ 

MI dataset λ (scaled) CV error CV-AUC Selected candidate predictors 

Minimum CV 

error 

1 0.239 0.142-

0.145 

0.643-

0.675 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.inet, CTE.gcptrials_dep, PEC.proc, CEPA.comm_approv, 

CEPA.exec_30d. 

 2 0.229 0.143-

0.145 

0.632-

0.668 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.medhsp, CTE.gcptrials_dep, PEC.stmed, CEPA.comm_approv, 

CEPA.exec_30d.  

 3 0.313 0.145-

0.148 

0.611-

0.647 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.smo. 

 4 0.235 0.142-

0.145 

0.645-

0.669 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
CTE.gcptrials_dep, PEC.proc, PEC.stmed, PEC.patpop, RPS.chartrev, 

RPS.promote, RPS.alterncontact, CEPA.comm_approv, CEPA.exec_30d. 

 5 0.235 0.144-

0.146 

0.626-

0.675 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.pi_inv, GCC.medhsp, PEC.stmed, CEPA.comm_approv. 

 6 0.236 0.144-

0.146 

0.630-

0.662 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.inet, GCC.pi_spec, GCC.medhsp, SA.resnurse, CTE.audit, PEC.proc, 

PEC.stmed, CEPA.comm_approv, CEPA.exec_30d. 

 7 0.239 0.144-

0.146 

0.624-

0.650 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
CTE.audit, CTE.gcptrials_dep, CTE.gcpyrs_stcoord, PEC.stmed, 

CEPA.comm_approv, CEPA.exec_30d. 

 8 0.247 0.143-

0.146 

0.625-

0.664 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.medhsp, SA.recrspec, CTE.audit, CTE.gcpyrs_stcoord, PEC.stmed, 

PEC.patpop, CEPA.comm_approv, CEPA.exec_30d. 

 9 0.231 0.143-

0.146 

0.626-

0.656 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
GCC.inet, GCC.medhsp, GCC.smo, CTE.audit, CTE.gcptrials_dep, 

PEC.stmed, RPS.chartrev, RPS.alterncontact, CEPA.comm_approv. 

 10 0.262 0.144-

0.147 

0.628-

0.660 

(Intercept), GCC.region, GCC.clinic, CTE.distrials_dep, PPC.num12m, 

PEC.scrfail, RPS.recr_target, RPS.recr_dur, RPS.webcasts, 
CTE.gcptrials_dep, PEC.stmed, PEC.patpop, RPS.chartrev, 

CEPA.comm_approv. 

1-SE rule 1 1 0.149-

0.150 

0.484-

0.507* 

(Intercept) 

 2 1 0.149-

0.150 

0.483-

0.505* 

(Intercept) 

 3 1 0.149-

0.150 

0.484-

0.504* 

(Intercept) 

 4 1 0.149-

0.150 

0.490-

0.506* 

(Intercept) 

 5 1 0.149-

0.150 

0.484-

0.504* 

(Intercept) 

 6 1 0.149-

0.150 

0.476-

0.503* 

(Intercept) 

 7 1 0.149-

0.150 

0.486-

0.502* 

(Intercept) 

 8 1 0.149-

0.150 

0.488-

0.502* 

(Intercept) 

 9 1 0.149-

0.150 

0.484-

0.500* 

(Intercept) 

 10 1 0.149-

0.150 

0.492-

0.501* 

(Intercept) 

      

Table 2. Results (λ, CV error, CV-AUC and the set of selected predictors) of the LASSO analyses for each multiply imputed 

dataset, using two strategies to select  λ. In the last column, variables that are consistently selected are highlighted in bold 

font. See Appendix A for a description of the variables.*Note that some variability in the results is possible because the 

maximum value of  λ in the CV training sets may not be identical to the maximum value in the complete data. 
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The size and direction of the regression coefficient estimates of the candidate predictors that 

were consistently selected when using the ‘minimum CV error’ rule for choosing 𝜆 are 

provided in Table 3. 

 

In this study, centers in China and India are predicted to have highest probability of meeting 

recruitment targets (keeping the other variables constant). Predicted probabilities are lowest 

for centers in Western Europe and North America and Canada (GCC.region). Higher 

probabilities are predicted for centers that can be considered clinical settings (GCC.clinic), 

centers that have more experience with clinical trials in the disease area of interest 

(CTE.distrials_dep), and for centers with a larger patient pool (PPC.num12m). Also, a higher 

anticipated screen failure rate positively affects the predicted probability of meeting 

enrollment targets (PEC.scrfail), as does a longer duration of the recruitment period 

(RPS.recr_dur). Contrary to our expectations, a positive regression coefficient estimate is 

found of the enrollment target (RPS.recr_target). A second surprising finding is that centers 

stating to be both willing and capable of providing periodic webcasts for patients (a strategy 

aimed to increase patient retention) have lower predicted probabilities to meet their target than 

center who did not (RPS.webcasts). From the categories ‘staff availability (SA)’ and 

‘Contract execution and protocol approval (CETA)’, no candidate predictors were 

consistently selected. 

 

Predictor 
Multiply imputed dataset 

1 2 3 4 5 6 7 8 9 10 

(Intercept) -2.648 -2.388 -2.421 -2.409 -2.536 -2.721 -2.437 -2.456 -2.669 -2.499 

GCC.region           
 Asia Pacific Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. 

 China 0.614 0.602 0.391 0.593 0.611 0.601 0.570 0.549 0.612 0.504 

 E.Europe/Russia 0.119 0.105 0.080 0.119 0.096 0.125 0.100 0.105 0.101 0.098 
 India 0.454 0.432 0.241 0.423 0.451 0.439 0.400 0.392 0.457 0.345 

 Latin/S. America 0.191 0.156 0.093 0.161 0.149 0.172 0.139 0.144 0.159 0.124 

 N. America/Can. -0.290 -0.332 -0.236 -0.303 -0.354 -0.314 -0.321 -0.314 -0.356 -0.289 
 W. Europe -0.140 -0.147 -0.104 -0.139 -0.162 -0.144 -0.141 -0.134 -0.175 -0.126 

GCC.clinic 0.342 0.425 0.168 0.313 0.366 0.320 0.334 0.372 0.313 0.264 

CTE.distrials_dep           
 None Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref. 

 1 to 5 0.151 0.155 0.029 0.136 0.181 0.160 0.139 0.148 0.184 0.128 

 6 to 9 0.359 0.367 0.063 0.339 0.398 0.316 0.307 0.313 0.405 0.246 
 10 or more 0.294 0.341 0.055 0.316 0.346 0.267 0.258 0.251 0.331 0.245 

PPC.num12m 0.137 0.020 0.061 0.025 0.012 0.017 0.002 0.027 0.066 0.039 

PEC.scrfail 0.416 0.492 0.394 0.467 0.462 0.469 0.500 0.476 0.489 0.450 
RPS.recr_target 0.003 0.004 0.005 0.003 0.004 0.004 0.004 0.004 0.004 0.004 

RPS.recr_dur 0.067 0.068 0.060 0.066 0.067 0.066 0.066 0.065 0.068 0.064 

RPS.webcasts -0.617 -0.704 -0.343 -0.873 -0.350 -0.667 -0.415 -0.591 -0.332 -0.481 

           

Table 3. Regression coefficient estimates of the candidate predictors that were consistently selected in each of the multiply 

imputed datasets. See Appendix A for a description of the variables.  
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When the ‘1-SE rule’ was used to select 𝜆, the estimated intercept (the only term in the 

models) was equal to -1.5 in all analyses. 

 

5. Discussion 

We used data from a large international phase III cardiovascular clinical trial to investigate 

associations between center characteristics obtained from the responses to the feasibility 

questionnaires and meeting recruitment targets. From a large number of candidate predictors, 

we determined the subset that is optimal for predictive purposes using LASSO regularization. 

In terms of prediction accuracy, the models selected using the ‘minimum CV error’ strategy 

for choosing the value of shrinkage parameter 𝜆 are only marginal improvements over the 

intercept-only models that were selected using the ‘1-SE rule’. This result implies that the 

predictive value of the set of candidate predictors is limited and should not be overestimated. 

The results illustrate the difficulty of prediction in this setting and suggest that, in this context, 

it may be unjustified to base operational decisions on the responses to the feasibility 

questionnaire items.  

 

However, these findings are based on data from a single trial, hampering their 

generalizability. In addition, using the results of our study specifically for the purpose of  

making a decision to proceed or not to proceed with a center in the site selection process 

should be done with caution, as the selection of centers included in this study already 

represents a (possibly selective) subset of centers. More research is needed to assess whether 

the findings presented here hold more generally.  

 

The data used were not collected for the purpose of this analysis. Therefore, this assessment 

should be considered explorative in nature. We were unable to include potentially relevant 

feasibility questionnaire items due to, e.g., ambiguous item or answer formulations, and in 

some cases a subjective assessment of text field entries was required. Data on certain 

potentially important factors were not collected. E.g. our list of candidate predictors fails to 

adequately address the extent and nature of potential prior cooperation between the center and 

the sponsor or site management organization. Also, the feasibility questionnaire was designed 
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specifically for this trial and, as a consequence, questionnaire items were not always 

formulated in sufficiently general terms. Lastly, one could argue that a formal comparison of 

the predictive accuracy of the model constructed using the ‘minimum CV error’ rule versus 

the model based on the ‘1-SE rule’ requires independent test data. We therefore repeated the 

LASSO procedure on a random selection of two-thirds of the data, then estimated the 

prediction error and AUC values on the remainder of the data. Although the results (available 

upon request) showed signs of numerical instability (i.e. selected 𝜆 values were more variable 

over the multiply-imputed data sets, likely due to the smaller sample sizes of the training 

sets), the prediction error levels and AUC values corresponding to the selected models are 

similar to the results described above. 

 

Comparing our results to the results of earlier investigations is not straightforward due to 

variability in terms of medical context, study methodology and the operationalizations used. 

Note, however, that from a general perspective our results resemble those of Reuter and Esche 

[9] who failed to detect a significant association between the responses to a range of 

feasibility questionnaire items and meeting enrollment targets. These results reveal possible 

limitations of the items used in feasibility questionnaires and could be interpreted as a 

warning against overemphasizing the outcomes of feasibility studies in general. Overall, 

however, more research is needed to be able to draw more definitive conclusions. The 

candidate predictors selected using the ‘minimum CV error’ strategy for choosing 𝜆 may have 

been of limited value in this trial, but may be considered for re-evaluation in future studies. 

 

In conclusion, the results suggest that drawing a reliable a priori distinction between centers 

that will meet their recruitment target and those that will not is a difficult task, as even the 

optimal selection of candidate predictors only represents a marginal improvement in 

predictive accuracy as compared to the intercept-only model. Thus, the predictive value of 

current feasibility studies may not be large enough to justify such extensive questioning. 

However, more research, preferably from varying types of trials and clinical contexts, is 

needed to assess whether our results hold more general, or whether there may be other factors 

that need to be included. 
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Appendix A: List of candidate predictors 

 
Candidate predictor Description % missing 

    

General center characteristics (GCC)  
    

 GCC.emr Indicates whether the center has access to electronic medical records (0=no, 1=yes). 

Percentages: 41.2, 58.8. 

3.9 

 GCC.inet Indicates whether a high-speed Internet connection is available at the center (0=no, 1=yes). 

Percentages: 1.9, 98.1. 

3.9 

 GCC.pdb Indicates whether the center has access to a patient database (0=no, 1=yes). Percentages: 20.9, 
79.1. 

3.9 

 GCC.fu_resp Indicates whether the center is responsible for the long-term follow-up of patients in this trial 

(0=no, 1=yes). Percentages: 6.7, 93.3. 

6.2 

 GCC.pi_inv Indicates whether the PI is routinely involved in follow-up visits with study patients (0=no, 

1=yes). Percentages: 9.2, 90.8. 

6.2 

 GCC.pi_spec Indicates whether the PI’s specialty corresponds to the research area (here, cardiology/diabetes). 
(0=no, 1=yes). Percentages: 2.9, 97.1. 

2.1 

 GCC.region The region in which a center is located. Similar to Desai et al. [21], each site is classified into 

one of the following regions: Asia Pacific, China, Eastern Europe and Russia, India, Latin and 
South America, North America (United States and Canada), Western Europe. Percentages: 9.2, 

4.4, 12.5, 4.7, 13.1, 35.4, 20.7. 

0 

 GCC.clinic Indicates whether the center can be considered a clinical setting (0=no, 1=yes). Percentages: 
88.5, 11.5. 

0.5 

 GCC.crc Indicates whether the center can be considered a clinical research center (0=no, 1=yes). 

Percentages: 85.6, 14.4. 

0.5 

 GCC.gov Indicates whether the center can be considered a government-run medical facility (0=no, 

1=yes). Percentages: 89.3, 10.7. 

0.5 

 GCC.group Indicates whether the center can be considered a group practice (0=no, 1=yes). Percentages: 

85.5, 14.5. 

0.5 

 GCC.medhsp Indicates whether the center can be considered a medical hospital (0=no, 1=yes). Percentages: 
51.7, 48.3. 

0.5 

 GCC.private Indicates whether the center can be considered a private practice (0=no, 1=yes). Percentages: 

75.2, 24.8. 

0.5 

 GCC.smo Indicates whether the center can be considered a site management organization (0=no, 1=yes). 

Percentages: 97.6, 2.4. 

0.5 

 GCC.spec Indicates whether the center can be considered a cardiology specialist center (0=no, 1=yes). 
Percentages: 98.6, 1.4. 

0.5 

 GCC.teach Indicates whether the center can be considered a teaching hospital (0=no, 1=yes). Percentages: 

85.4, 14.6. 

0.5 

    

Staff availability (SA)  

    
 SA.diet Indicates whether a registered dietician/nutritionist is available (1=yes, 0=no). Percentages: 

62.2, 37.8. 

6.4 

 SA.endocr Indicates whether an endocrinologist is available (1=yes, 0=no). Percentages: 59.6, 40.4. 6.4 
 SA.pharm Indicates whether a pharmacologist is available (1=yes, 0=no). Percentages: 51.6, 48.4. 6.4 

 SA.phleb Indicates whether a phlebotomist is available (1=yes, 0=no). Percentages: 59.6, 40.4. 6.4 

 SA.radiol Indicates whether a radiologist is available (1=yes, 0=no). Percentages: 58.5, 41.5. 6.4 
 SA.recrspec Indicates whether a recruitment specialist is available (0=no, 1=yes). Percentages: 81.0, 19.0. 6.4 

 SA.resnurse Indicates whether a research nurse is available (0=no, 1=yes). Percentages: 30.7, 69.3. 6.4 

 SA.stcoord Indicates whether a study coordinator is available (0=no, 1=yes). Note: if missing or 0, but 
CTE.gcpyrs_stcoord is > 0, set to 1. Percentages: 5.7, 94.3. 

6.4 

 SA.subi Indicates whether a sub-investigator is available (0=no, 1=yes). Note: if missing or 0, but 

CTE.gcpyrs_subi is > 0, set to 1. Percentages: 6.9, 93.1. 

6.4 

    

Clinical trial experience (CTE)  

    
 CTE.audit Indicates whether the center has ever been audited by a regulatory agency or health authority 

(0=no, 1=yes). Percentages: 80.7, 19.3. 

6.8 

 CTE.gcptrials_dep The department’s experience (number of trials in the past three years) with clinical trials 
conducted according to ICH and GCP Guidelines. Categories: None, 1 to 4, 5 to 9, and 10 or 

more. Percentages: 1.3, 14.5, 30.2, 54.1. 

4.4 

 CTE.distrials_dep The department’s experience (in number of trials) with clinical trials conducted in this disease 
area. Categories: None, 1 to 5, 6 to 9, and 10 or more. Percentages: 11.3, 45.2, 19.2, 24.2. 

4.3 

 CTE.gcpyrs_pi The PI’s experience (in years) with clinical trials conducted according to ICH and GCP 

Guidelines. Categories: None, less than 1 year, 1 to 4 years, 4 to 7 years, or greater than 7 years. 
Percentages: 1.5, 2.1, 11.0, 20.5, 64.9. 

4.3 
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 CTE.gcpyrs_stcoord The study coordinator’s experience (in years) with clinical trials conducted according to ICH 

and GCP Guidelines. Categories: None, less than 1 year, 1 to 4 years, 4 to 7 years, or greater 

than 7 years. Equals 0 if no study coordinator is present. Percentages: 6.5, 4.5, 22.5, 26.3, 40.2. 

7.3 

 CTE.gcpyrs_subi The sub-investigator’s experience (in years) with clinical trials conducted according to ICH and 

GCP Guidelines. Categories: None, less than 1 year, 1 to 4 years, 4 to 7 years, or greater than 7 

years. Equals 0 if no sub-investigator is present. Percentages: 7.8, 6.0, 23.1, 27.1, 36.0. 

7.2 

    

Patient pool characteristics(PPC)  

    
 PPC.patdis10km What proportion of your patients live within approximately 10 km (6 miles) distance from your 

clinic? 0, .01-.2, .21-.4, .41-.6, .61-.8, or >.8? Used category midpoints, treated as continuous. 

Q1, Q2, Q3: 0.30, 0.50, 0.70. 

8.3 

 PPC.num12m The number of ACS patients with newly diagnosed T2D the center treated during the past 12 

months, divided by 100. Note that this is an approximation, as it is based on two questions (one 
for ACS, and one for T2D, with ordinal answer categories). The product of midpoints was used. 

Furthermore, since one of the two questions had an open-ended last category, the strategy 

described and recommended by Parker & Fenwick [22] was used to estimate the midpoint for 
this category. Note also that this item excludes ACS patients with known T2D. Q1, Q2, Q3: 

0.23, 0.49, 1.16. 

6.9 

    
Potential or perceived enrollment challenges (PEC)  

    

 PEC.proc Do you expect the procedures or assessments required to be a challenge with respect to 
enrollment? Please rate from 1 to 5 (with number 1 being the most challenging). Treated as 

continuous. Q1, Q2, Q3: 3, 4, 5. 

6.8 

 PEC.import Do you expect the importation issues to be a challenge with respect to enrollment? Please rate 
from 1 to 5 (with number 1 being the most challenging). Treated as continuous. Q1, Q2, Q3: 3, 

4, 5. 

8.1 

 PEC.inex Do you expect in- and exclusion criteria to be a challenge with respect to enrollment? Please 
rate from 1 to 5 (with number 1 being the most challenging). Q1, Q2, Q3: 3, 4, 4. 

6.8 

 PEC.stmed Do you expect the study medication to be a challenge with respect to enrollment? Please rate 

from 1 to 5 (with number 1 being the most challenging). Treated as continuous. Q1, Q2, Q3: 3, 
4, 5. 

7.2 

 PEC.reimb Do you expect medication reimbursement issues to be a challenge with respect to enrollment? 

Please rate from 1 to 5 (with number 1 being the most challenging). Treated as continuous. Q1, 
Q2, Q3: 3, 4, 5. 

7.8 

 PEC.patpop Do you expect the patient population to be a challenge with respect to enrollment? Please rate 

from 1 to 5 (with number 1 being the most challenging). Treated as continuous. Q1, Q2, Q3: 3, 
4, 4. 

6.8 

 PEC.regul Do you expect regulatory authority issues to be a challenge with respect to enrollment? Please 

rate from 1 to 5 (with number 1 being the most challenging). Treated as continuous. Q1, Q2, 
Q3: 3, 4, 5. 

7.4 

 PEC.staff Do you expect a lack of sufficient staff resources to be a challenge with respect to enrollment? 

Please rate from 1 to 5 (with number 1 being the most challenging). Treated as continuous. Q1, 
Q2, Q3: 4, 5, 5. 

7.3 

 PEC.visit_dur Do you expect the visit frequency and/or study duration to be a challenge with respect to 

enrollment? Please rate from 1 to 5 (with number 1 being the most challenging). Treated as 
continuous. Q1, Q2, Q3: 3, 4, 5. 

6.9 

 PEC.impconcerns Indicates whether the center has concerns about the investigational medicinal product (0=no, 

1=yes). Percentages: 79.7, 20.3. 

6.0 

 PEC.comptrials Indicates whether other, possibly competing trials are currently running/planned on the center. 

Categories: “No”, “Yes, but we can still meet the enrollment goal for this study”, “Yes, and it 

may impact our ability to meet the enrollment goal for this study”. Percentages: 60.1, 35.9, 4.0. 

7.3 

 PEC.scrfail The expected proportion of screen failures. Q1, Q2, Q3: 0.15, 0.20, 0.25. 0 

    

Recruitment plan and strategies (RPS)  
    

 RPS.recr_target The planned/target number of enrolled subjects. Q1, Q2, Q3: 7.50, 10.05, 11.51. 0 

 RPS.recr_dur The planned length (in months) of the follow-up period. Q1, Q2, Q3: 9, 12, 15. 0 
 RPS.chartrev Indicates whether the center has stated to be both willing and capable of providing additional 

support to assist with chart review to identify patients for the study (0=no, 1=yes). Percentages: 

59.0, 41.0. 

8.0 

 RPS.promote Indicates whether the center has stated to be both willing and capable of providing materials or 

services to promote the study to referral physicians/other departments (0=no, 1=yes). 
Percentages: 52.1, 47.9. 

8.0 

 RPS.contact Indicates whether the center has stated to be both willing and capable of to keep regular contact 

between visits (0=no, 1=yes). Percentages: 42.2, 57.8. 

7.4 

 RPS.cfu_remind Indicates whether the center has stated to be both willing and capable of providing community 

follow-up and visit reminder emails, cards and phone calls (0=no, 1=yes). Percentages: 54.6, 

45.4. 

7.4 
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 RPS.contact_caregiver Indicates whether the center has stated to be both willing and capable of maintaining contact 

with the patients’ other caregivers, particularly primary care physicians (0=no, 1=yes). 

Percentages: 56.1, 43.9. 

7.5 

 RPS.letter Indicates whether the center has stated to be both willing and capable of providing personal 

thank you letters to patients (0=no, 1=yes). Percentages: 63.9, 36.1. 

7.4 

 RPS.alterncontact Indicates whether the center has stated to be both willing and capable of utilizing alternate 
contact information for patients, including that of family and friends, to assist in maintaining 

patient contact (0=no, 1=yes). Percentages: 66.0, 34.0. 

7.4 

 RPS.items Indicates whether the center has stated to be both willing and capable of providing study-
pertinent items to patients at milestone visits (i.e. diabetes recipes, exercise guides, etc.) (0=no, 

1=yes). Percentages: 46.1, 53.9. 

7.5 

 RPS.website Indicates whether the center has stated to be both willing and capable of creating a study 
community website for patients to view news and articles related to their condition (0=no, 

1=yes). Percentages: 78.8, 21.2. 

7.4 

 RPS.webcasts Indicates whether the center has stated to be both willing and capable of providing periodic 

webcasts for patients (0=no, 1=yes). Percentages: 90.4, 9.6. 

7.4 

    
Contract execution and protocol approval (CEPA)  

    

 CEPA.comm_approv The total number of days required from submission of essential study documents to obtain final 
protocol approval from all of the site’s required committees combined. Categories: 1 to 10, 11 

to 20, 21 to 30, 31 to 60, Greater than 60. Percentages: 15.4, 15.1, 27.8, 30.8, 10.8. 

7.9 

 CEPA.exec_30d Indicates whether it usually takes the center more than 30 days to execute a contract and budget 
(0=yes or unknown, 1=no). Percentages: 70.5, 29.5. 

7.8 

    

    

Table A1. Description of the candidate predictors considered in the analysis. Summary statistics (Quantiles Q1, Q2 and Q3 

or percentages) are calculated on observed data. Abbreviations: PI = Principal Investigator, ICH = International 

Conference of Harmonization, GCP = Good Clinical Practice, ACS = Acute Coronary Syndrome, T2D=Type 2 Diabetes. 
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Appendix B: Example cross-validation plot 

 

 
 

Figure B1. The 20 CV plots for the CV error and the CV-AUC for the analysis performed on the first multiply imputed 

dataset. The vertical grey lines indicate the selected values of 𝜆 when using the minimum CV-error rule (left) or the 1-SE 

rule (right). 

 

 

Appendix C: Complete case analysis 

For reference, the table below shows the results for the regression analysis described in 

section 4.1 when it is applied to the 672 centers with complete data. Again, for presentation 

purposes, only results for which p < 0.1 are shown. 
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Predictor Description �̂� SE P-value 

(Intercept) - -4.108 2.404 - 

     
GCC.inet Indicates whether a high-speed Internet 

connection is available at the center (0=no, 

1=yes). 

1.781 1.045 0.062 

     

GCC.region The region in which a center is located.   <0.001 

 Asia Pacific  (Ref) -  
 China  1.635 0.676  

 E.Europe/Russia  -0.142 0.520  
 India  0.924 0.699  

 Latin/S. America  0.039 0.587  

 N. America/Can.  -1.535 0.569  

 W. Europe  -0.823 0.515  

      

GCC.clinic Indicates whether the center can be considered a 
clinical setting (0=no, 1=yes) 

0.738 0.410 0.077 

     

CTE.gcptrials_dep The department’s experience (number of trials in 
the past three years) with clinical trials conducted 

according to ICH and GCP Guidelines. 

  0.032 

 None  (Ref) -  
 1 to 4  -3.403 1.895  

 5 to 9  -3.749 1.942  

 10 or more  -4.290 1.944  
     

CTE.distrials_dep The department’s experience (in number of trials) 

with clinical trials conducted in this disease area. 
  0.041 

 None  (Ref) -  

 1 to 5  0.591 0.510  

 6 to 9  1.288 0.564  
 10 or more  1.270 0.577  

      

PEC.proc Indicates whether the center expects the 
procedures or assessments required to be a 

challenge with respect to enrollment. Rated from 

1 to 5 with number 1 being the most challenging. 

-0.279 0.165 0.090 

     

RPS.recr_dur The planned length (in months) of the follow-up 

period 
0.096 0.035 0.006 

     

RPS.webcasts Indicates whether the center has stated to be both 

willing and capable of providing periodic 
webcasts for patients (0=no, 1=yes). 

-1.721 0.724 0.006 

     

CEPA.comm_approv The total number of days required from 
submission of essential study documents to obtain 

final protocol approval from all of the site’s 

required committees combined. 

  0.010 

 1 to 10  (Ref) -  

 11 to 20  -1.452 0.504  

 21 to 30  -0.735 0.441  
 31 to 60  -1.012 0.446  

 Greater than 60  -0.166 0.524  

      

Table C1. Complete case analysis: Regression coefficient estimates (�̂�), standard error (SE), and p-values for 

the quasi-binomial generalized linear model regressing the outcome (i.e. the variable indicating whether a 

center met its recruitment target) on the full set of candidate predictors. For presentation purposes, the table 

only includes predictors associated with p-values lower than 0.1. P-values are based on likelihood ratio tests 

comparing the full model against the model without the predictor. The estimate of the dispersion parameter 

equals 1.081. See Appendix A for a more detailed description of the variables. 
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The LASSO procedure, when applied to the subset of centers with complete data, yields the 

following results: The 𝜆 value that minimizes the CV error, as a proportion of its maximum 

possible value, equals 0.227, at which the CV error ranges from 0.146 to 0.150 and the CV-

AUC ranges from 0.629 to 0.680. Using the ‘1-SE rule’ yields a CV error estimate of 0.154 in 

all settings and a CV-AUC ranging from 0.479 to 0.505. These results are comparable to the 

results of the analyses on the multiply imputed data. Again, using the ‘1-SE rule’ implies that 

the optimal model is the intercept-only model (with an intercept of -1.457). Minimizing the 

CV error results in the model in Table C2. As can be seen, the model contains the set of 

candidate predictors that was also consistently selected in the analyses on the imputed data, 

with comparable regression coefficient estimates. 

 

 

 

 

 

Predictor Estimate 

(Intercept) -2.351 

GCC.region  

 Asia Pacific (Ref) 
 China 0.763 

 E.Europe/Russia 0.165 

 India 0.395 
 Latin/S. America 0.101 

 N. America/Can. -0.357 

 W. Europe -0.088 
GCC.clinic 0.163 

GCC.group -0.100 

SA.stcoord 0.128 
CTE.gcptrials  

 None (Ref) 

 1 to 4 -0.237 
 5 to 9 -0.195 

 10 or more -0.323 

CTE.distrials  
 None (Ref) 

 1 to 5 0.145 

 6 to 9 0.394 
 10 or more 0.364 

PPC.num12m 0.056 

PEC.proc -0.033 

PEC.patpop 0.002 

PEC.scrfail                        0.432 

RPS.recr_target                    0.006 
RPS.recr_dur                       0.068 

RPS.chartrev1                      0.002 

RPS.webcasts1                     -0.658 
CEPA.comm_approv  

 1 to 10 (Ref) 

 11 to 20 -0.212 
 21 to 30 -0.137 

 31 to 60 -0.152 

 Greater than 60 0.164 

Table C2. Results (selected candidate predictors 

and regression coefficient esitmates) of the 

LASSO procedure when applied to the subset of 

complete cases and when selecting the value for 𝜆 

which minimizes the CV error. See Appendix A 

for a more detailed description of the variables. 
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Abstract 

Adjudication committees in clinical trials aim to detect and correct potential errors in the 

diagnoses of clinical events as made by local investigators. However, including an 

adjudication process in multi-center, double blinded trials will generally require substantial 

investments in time and resources. Therefore, the decision regarding the implementation of 

adjudication in a trial requires careful consideration. This paper aims to aid trialists in this 

respect, by (1) quantifying the impact of misdiagnosis of trial outcome events on estimates of  

incidences and treatment effects, as well as its effect on the power of statistical tests, and (2) 

discussing the extent to which adjudication addresses those issues. We show how 

misdiagnoses has the potential to invalidate trial results, even if the probability of 

misdiagnosis is comparable in the two trial arms. Adjudication may, in practice, be necessary 

to ensure the validity of the results. 
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1. Introduction 

In the conduct of clinical trials, ‘adjudication’ refers to the process by which the diagnoses of 

important clinical events, as made by local investigators, are reviewed by a central committee 

(typically blinded for treatment assignment) with the aim of detecting and correcting potential 

cases of misdiagnosis. This process is commonly used when the definition of the event is 

heterogeneous or to some extent subjective (e.g. myocardial infarction, stroke or 

cardiovascular/vascular death in cardiovascular trials) ([1-3]). It is believed that adjudication 

adds to the reliability of the trial findings by increasing the precision of the results and by 

reducing potential biases [3]. However, including an adjudication process in a trial will 

generally require substantial investments in time and resources [2-5]. We therefore agree with 

Hata et al., who state that the “appointment of an [adjudication committee] […] warrants the 

same careful scientific consideration as other aspects of the trial design” [4, p.7]. This paper 

aims to aid trialists in this respect, by (1) quantifying the impact of misdiagnosis of trial 

outcome events on estimates of  incidences and treatment effects, as well as its effect on the 

power of statistical tests, and (2) discussing the extent to which adjudication addresses those 

issues. We do so in the context of multi-center, double blinded trials. 

 

2. The impact of misdiagnosis of trial outcome events 

The act of diagnosing can be considered a classification process, the accuracy of which is 

defined in terms of its sensitivity, the probability of correctly identifying an event or case, and 

its specificity, the probability of correctly identifying a non-event or non-case. 

 

The impact of misdiagnosis depends on whether the misclassification is differential (i.e. ‘non-

random’, meaning that structural differences exist in terms of the sensitivity and specificity of 

the classification process between the two treatment arms) or not. In general, misclassification 

in clinical trials can be assumed to be non-differential (‘random’), in particular when double 

blinding is used. Although it is known that non-differential misdiagnosis of outcome events 

generally will attenuate effect estimates [6], a recent study concludes that “a substantial 

amount of random errors is required before appreciable effects on the outcome of randomized 

clinical trials are noted.” [7, p.1]. In addition, the impact of misdiagnosis depends on the type 

of estimator that is used. E.g. different types of estimators of the treatment effect are 
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differentially affected by non-differential misclassification. For instance, it is known that the 

risk ratio remains unbiased as long as the specificity equals one - a property that does not hold 

for, e.g., the risk difference.  

 

In what follows, we describe and graphically illustrate the impact of non-differential 

misdiagnosis of a binary outcome on the results of multi-center clinical trials. We start by 

investigating the impact of misclassification in terms of exposure-specific incidence 

estimates. Next, we consider the impact on estimates of effects (the risk difference (RD), the 

risk ratio (RR), the odds ratio (OR) and the hazard ratio (HR)), and subsequently we discuss 

the impact of misclassification on the statistical power. The assessments are based on a 

simulation procedure, in which sensitivity and specificity levels are varied in multiple 

simulated scenarios. The simulation algorithms are detailed in Appendix A. 

 

Note that, in multi-center trials, it can be expected that sensitivity and specificity levels vary 

from center to center, due to differences in e.g. training, setting, or standard of care. In our 

simulations, this is taken into account by generating distributions of sensitivity and specificity 

values instead of fixed constants. 

 

2.1. Estimation of the sample incidence 

Suppose an investigation aims to estimate parameter 𝑝, the probability of a subject developing 

the outcome of interest during a particular fixed time period (i.e. the incidence), using a 

(representative) sample of 𝑛 subjects. Let 𝑦𝑖 indicate the presence (1) or absence (0) of the 

outcome in subject 𝑖, and assume it can be observed without any error or misclassification. If 

the observations are independent and subject to the same probability of having an event, the 

sum of 𝑦𝑖 over the 𝑛 subjects is binomially distributed. The incidence 𝑝 is estimated by 

�̂� =
1

𝑛
∑ 𝑦𝑖

𝑛
𝑖=1 , so that 𝐸(�̂�) = 𝑝 and 𝑆𝐸𝑝 = √

𝑝(1−𝑝)

𝑛
, the latter typically being estimated by 

𝑆�̂�𝑝 = √
𝑝(1−𝑝)

𝑛
.  

 

This situation, however, is actually theoretical: Only in the absence of any error or 

misclassification is 𝑦𝑖 directly observable. Under non-perfect classification, the apparent 
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event status (denoted by 𝑦𝑖
∗) is observed instead. The apparent sample incidence then equals 

�̂�∗ =
1

𝑛
∑ 𝑦𝑖

∗𝑛
𝑖=1 . If the misclassification probabilities (i.e. 1 − 𝜃 and 1 − 𝜏) are the same for all 

𝑛 subjects , the sum of 𝑦𝑖
∗ is still binomially distributed, but 𝐸(�̂�∗) = 𝜃𝑝 + (1 − 𝜏)(1 − 𝑝) 

and therefore 𝑆𝐸𝑝
∗ = √

𝐸(𝑝∗)(1−𝐸(𝑝∗))

𝑛
 [8]. That is, a statistical bias is introduced, the size and 

direction of which depend on the particular combination of sensitivity 𝜃, specificity 𝜏 and the 

true incidence. 

 

The diagnostic accuracy by which events are classified will, in multi-center investigations, 

usually not be constant over centers. Therefore, let 𝜃𝑗  and 𝜏𝑗 denote the sensitivity and 

specificity of the diagnosis of 𝑦𝑖 in the 𝑗th center. Within each center, 𝐸(�̂�𝑗
∗) = 𝜃𝑗𝑝 + (1 −

𝜏𝑗)(1 − 𝑝). As a result, the overall estimate of �̂�∗ will again be biased. Note that the 

additional variability due to variable sensitivity and specificity also introduces overdispersion, 

complicating the estimation of the standard error of �̂�∗. 

 

Figure 1 illustrates these observations in more detail: The first row shows the expected value 

of �̂�∗ for 𝑝 equal to 0.125, 0.5, and 0.875 and for a range of median sensitivity and specificity 

levels in a simulated multi-center study with 5 centers and 50 subjects per center. Although 

very low sensitivity and specificity values may be rare in practice, we chose to consider the 

full range of possible values, because there may be considerable heterogeneity in the 

diagnostic accuracy for different types of clinical outcomes. It can be observed that, in all 

scenarios, the expected value 𝐸(�̂�∗) can extend through the whole range from 0 to 1, hence 

any level of bias can in principle occur. When the median sensitivity and specificity both 

equal 1 (i.e. when classification is perfect), the expected value equals the true incidence 

𝐸(�̂�∗) = 𝑝. When both medians equal 0, 𝐸(�̂�∗) = 1 − 𝑝. When the median sensitivity and 

specificity values sum to 1, 𝐸(�̂�∗) is approximately equal to the median sensitivity. For larger 

values of 𝑝, the relative importance of the sensitivity over the specificity increases. 

 

The second row shows the impact of ignoring the overdispersion due to between-center 

variability of misclassification rates in the estimation of the standard error. Specifically, the 

ratio of the mean value of the naively applied standard estimate of the standard error 𝑆�̂�𝑝 and 
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the empirical standard error (i.e. the standard deviation of the simulated distribution of �̂�∗) 

shows that, in general, the true standard error will be underestimated. Hence, in a multi-center 

setting, analysts should be careful with assuming binomial standard errors for the inference of 

incidences unless (1) misclassification is assumed to be rare, (2) the incidence of interest is 

close to 0 and the specificity is close to unity, or (3) both the incidence of interest and the 

sensitivity are close to 1. 

 

 

Figure 1. Top: the expected value of �̂�∗ (i.e. the mean of the simulated estimates) for 𝑝 equal to 0.125, 0.5, and 

0.875 and for a range of median sensitivity and specificity levels in a simulated multi-center study with 5 centers 

and 50 subjects per center. Dotted horizontal lines indicates the true cumulative incidence probabilities. The 

dashed line indicates the points on which the median sensitivity and the median specificity sum to one. Bottom: 

The ratio of the mean value of the naively applied standard estimate of the standard error 𝑆�̂��̂� and the empirical 

standard error (i.e. the standard deviation of the simulated distribution of �̂�∗).  

 

2.2. Estimation of the treatment effect 

To illustrate the impact of misclassification on the estimation of a treatment effect comparing 

two randomized groups in a clinical trial, let 𝑝0 and 𝑝1 denote the population incidence 

probabilities for a control and experimental treatment, and again let �̂�0
∗ and �̂�1

∗ denote the 

corresponding apparent sample statistics. Representing the observed trial data as in Table 1, 

the risk difference is estimated as 𝑅�̂�∗ = �̂�1
∗ − �̂�0

∗ =
𝑎

𝑎+𝑏
−

𝑐

𝑐+𝑑
, with 𝑆�̂�𝑅�̂�

∗ =

√
𝑎𝑏

(𝑎+𝑏)3 +
𝑐𝑑

(𝑐+𝑑)3. The log risk ratio is estimated as 𝑙𝑛(𝑅�̂�∗) = 𝑙𝑛 (
𝑎/(𝑎+𝑏)

𝑐/(𝑐+𝑑)
) with 𝑆�̂�𝑙𝑛(𝑅�̂�)

∗ =
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√(
1

𝑎
+

1

𝑐
) − (

1

𝑎+𝑏
+

1

𝑐+𝑑
). The log odds ratio is estimated as 𝑙𝑛(𝑂�̂�∗) = 𝑙𝑛 (

𝑎𝑑

𝑏𝑐
) with 

𝑆�̂�𝑙𝑛(𝑂�̂�)
∗ = √

1

𝑎
+

1

𝑏
+

1

𝑐
+

1

𝑑
. The log hazard ratio and its SE are estimated using Cox 

proportional hazards regression analysis. For the purpose of this paper, we consider an effect 

statistically significant if the 95% Wald confidence intervals do not contain the null value. 

Note that the effect estimates are not corrected for center effects. In additional analyses, we 

apply such a correction by means of regression modelling with a fixed main effect of center 

(see Appendix B for details). 

 

Treatment  Apparent outcome diagnosis  Total 

  Present Absent   

Experimental  𝑎 𝑏  𝑛1 
Control  𝑐 𝑑  𝑛0 

      

Table 1. Illustration of a standard fourfold table. 

 

In our simulations, we estimate the effect measures in four illustrative scenarios (Table 2), 

varying in terms of 𝑝0 (0.25 versus 0.75) and effect size (true risk difference of -0.10 versus 

0.05). The number of subjects per center equals 50 in each setting, but the number of centers 

(𝑚) is adjusted to ensure a power of approximately 0.8 with 𝛼 = 0.05. We assume 

misclassification to be non-differential. 

 

  Scenario 

  1a 1b 2a 2b 

𝑝0   0.25 0.25 0.75 0.75 

𝑝1   0.15 0.30 0.65 0.80 

Required sample size*  496 2496 652 2182 

Number of centers (𝑚)  10 50 13 44 

Subjects per center  50 50 50 50 

      

Table 2. Characteristics of the simulated settings.*Minimum 

sample size requirements per exposure arm were calculated as 
𝑝1(1−𝑝1)+𝑝0(1−𝑝0)

(𝑝1−𝑝0)2 · (1.96 + 0.84)2 (i.e. 𝛼 = 0.05 and 𝛽 =

0.20). For simplicity, the same sample size is used for each of 

the effect estimates. 

 

Figure 2 shows, for each scenario, the expected values of the effect estimators for a range of 

median sensitivity and specificity levels. Generally, the estimators are unbiased only if both 

the specificity and the sensitivity equal unity. The only exception to this observation concerns 

the log RR, which is unbiased as long as the specificity equals 1. For all estimators, the 
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average effect is nullified when the median sensitivity and specificity values sum to 1. When 

their sum is lower than 1, the average effect is reversed. For the log OR, the bias appears 

limited with low incidence probabilities and high median specificity, or with high incidence 

probabilities and high median sensitivity. For the log HR, the bias appears limited with low 

incidence probabilities and high median specificity, but bias is still observed when both the 

incidence probability and the median sensitivity are high. 
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Misclassification also impacts the standard errors, which can be increased or decreased 

depending on the specific combination of median sensitivity, median specificity, 𝑝0 and 𝑝1 

(results not shown). However, the ratio of the average of 𝑆�̂�𝑅�̂�
∗  and the empirical standard 

error never deviated substantially from 1 (results not shown).  

 

The impact of misclassification on the power of the statistical test is presented in Figure 3. As 

can be seen, the power decreases rapidly with decreasing sensitivity and specificity, with the 

relative importance of the median sensitivity being larger in the scenarios with higher 

incidence probabilities. No substantial differences were observed between the effect 

measures. 

 

 

Figure 3. For each simulation scenario, the empirical power of the comparison of incidence probabilities in the two 

treatment arms. Results shown are based on the analysis of the risk difference, but no apparent differences were observed 

for the other effect measures. Note: the simulated settings were designed to achieve a power of .8. 
 

3. Effectiveness of adjudication 

The illustrations presented in the previous section clarify that misclassification of outcome 

events in clinical trials (even if non-differential) has the potential to invalidate their results 

and conclusions. Therefore, the likelihood of misclassification should be minimized. One 

possible strategy to achieve this is adjudication.  

 

Although adjudication may be an adequate solution, two remarks should be made. First, the 

term ‘adjudication’ is commonly used specifically for the central assessment of those subjects 

that experienced the event of interest according to the local investigator, the aim being the 

detection of false positives. Such approaches may be suboptimal, as detecting missed events, 

e.g. by means of centralized checks of available data, may be just as important (note that, for 

the estimation of incidences, a sole focus on false positives may actually introduce bias) [1]. 
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For this reason, we prefer to use the term ‘adjudication’ in the broader sense, including both 

aims. 

 

Secondly, adjudication is based on the notion that the diagnoses made by the adjudication 

committee will be more accurate than diagnoses made by investigators. While plausible, 

various authors have addressed the need for empirical verification of this assumption. For 

instance, Pogue et al. state that “the implicit belief that the diagnosis made by a committee is 

superior and more accurate than an experienced clinician involved in the care of a patient 

has never been validated” [3, p. 243]. Ghali [9] makes a similar remark. 

 

In light of these remarks, an assessment of the effectiveness of an adjudication procedure is 

preferably performed by comparing sensitivity and specificity levels before and after 

adjudication. However, doing so is typically not feasible due the absence of a gold standard. 

In practice, therefore, trial-specific pre- and post-adjudication results are compared directly to 

investigate whether there are substantial differences.  

 

The conclusions of such comparisons vary, with some authors concluding that adjudication 

has a clear impact (e.g. [10, 11]), while others do not (e.g. [2,4]). However, in their meta-

analysis, Pogue et al. [3] were unable to detect, for both masked and unmasked trials, an 

effect of event adjudication on the estimates of odds ratios for the primary outcomes 

myocardial infarction, stroke, or cardiovascular/vascular death, or on the number of observed 

events. A second, more recent meta-analysis also concludes that, on average, odds ratios 

estimated from adjudicated and non-adjudicated data, collected in trials where investigators 

are blinded to treatment allocation, did not differ (in this analysis, no explicit comparison of 

the number of events was performed) [5]. 

 

While such comparisons may be useful, their results should be interpreted with care: similar 

pre- and post-adjudication results may be indicative of a sufficiently low misclassification rate 

in the initial diagnoses (making the adjudication procedure obsolete), but also of an 

ineffective adjudication procedure (in which case the post-adjudication data still contain 

misdiagnosed (non-)events). In addition, such studies tend to focus on differences in the 
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estimates for a specific type of effect measure (e.g. the sample odds ratio). However, we 

believe the aim of a trial is more general and includes the estimation of incidence rates and 

achieving an acceptable level of statistical power. Third, it should be noted that studies in 

which pre- and post-adjudication results differ may be underreported, because, as stated by 

Ndounga Diakou et al., “investigators might be less prone to report the results of both 

[adjudication committees] and onsite assessors if the results differed” [5, p.10]. 

 

 𝒑𝟎 𝒑𝟏 RD RR OR HR Theoretical power 

True values 0.25 0.15 -0.10 0.60 0.53 0.56 0.8 

        

 𝑬(�̂�𝟎
∗ ) 𝑬(�̂�𝟏

∗ ) 𝑬(𝑹�̂�∗) 𝑬(𝑹�̂�∗) 𝑬(𝑶�̂�∗) 𝑬(𝑯�̂�∗) Empirical power 

Observed: no adjudication 0.35 0.29 -0.06 0.84 0.77 0.81 0.29 

Observed: adjudication (focus on false 
positives) 

0.23 0.15 -0.08 0.68 0.63 0.65 0.57 

Observed: adjudication (focus on false 

positives and false negatives) 
0.27 0.18 -0.09 0.67 0.60 0.64 0.69 

        

Table 3. Illustration of the impact of adjudication for simulation scenario 1a on the estimators of the incidences, the effect 

estimates, and the statistical power. It is assumed that the initial median sensitivity and specificity levels equal 0.8, and 

that the number of detected false positive and false negative diagnoses is binomially distributed success probability 0.8. 

Results are based on 2000 simulations. The empirical power is calculated as the proportion of simulations for which the 

95% Wald CI for the log(HR) did not contain 0. 

 

As a numerical example, consider again simulation scenario 1a. The true values are given in 

the top row of Table 3 (note again that the trial was designed to achieve a power of 

approximately 0.8). Suppose that the initial diagnosis is performed with median sensitivity 

and median specificity of 0.8. The expected values, simulated under the assumption that no 

adjudication is performed at all, are provided in the second row. The third row shows the 

results if adjudication is performed in the traditional sense (i.e. the sole focus being the 

detection of false positives), and assuming that the average probability that the adjudication 

committee detects a false positive diagnosis equals 0.8. Lastly, the fourth row provides the 

result if adjudication focuses on the detection of false positives and false negatives (and again 

assuming that the probability with which the adjudication committee detects a false negative 

or false positive diagnosis equals 0.8). 

 

Although it is difficult to determine whether the assumptions made for this illustration are 

realistic, they do show the possible negative consequences of not performing any adjudication 

or performing adjudication with a one-sided focus. 
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4. Discussion 

Adjudication of outcome events in clinical trials typically is a resource-intensive procedure, 

and it is therefore important to justify its need before implementation. In this paper, we 

showed, by means of an illustrative set of simulated scenarios, that non-differential 

misclassification can have substantial negative consequences for the validity of trial results, 

even with realistic sensitivity and specificity levels. These findings contradict the notion that 

‘random’ misclassification errors may not be worthy of correction (note, however, that a 

formal comparison of our findings and those of Buyse et al. [7], is not straightforward 

because the authors do not provide the sensitivity and specificity levels of their simulated 

classification process).  

 

We expected that, on average, structural differences would be observed when comparing pre- 

and post-adjudication results. However, the results of two meta-analyses appear to suggest 

that the impact of adjudication may be limited [3, 5]. Although we outlined several possible 

reasons for this discrepancy, we believe more research is needed to be able to disentangle the 

problem. For future trials in which adjudication is considered, however, we stress that (1) the 

impact of misclassification, even if non-differential, should be investigated and not be based 

solely on the outcome of empirical pre- and post-adjudication results, (2) simulation exercises 

such as these illustrations may be part of the trial design, based on expected misclassification 

rates and detection rates of an adjudication committee, in order to get a more detailed insight 

on the expected gains, and (3) adjudication is one approach to reduce misclassification, but 

alternatives (e.g. choosing a less subjective outcome, aligning trial outcome definitions with 

those used in clinical practice, improving protocol training, including only highly trained 

investigators, and statistical corrections) may be more cost-effective. Lastly, note that we 

assessed the impact of misclassification and adjudication on the outcomes of clinical trials, 

but ignored an important potential second purpose: ensuring the safety of individual trial 

participants. 
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Appendix A: Simulation details 

All simulations were performed in R [12]. The simulation algorithms that were used are 

detailed below. 

 

Simulation algorithm used for the investigation of the impact of misclassification on the 

estimation of the cumulative incidence probability 

1. Sample center-specific sensitivity and specificity levels 𝜃𝑗  and 𝜏𝑗 on the logit scale 

from a bivariate normal density with means equal to 𝑙𝑜𝑔𝑖𝑡[𝑚𝑒𝑑(𝜃𝑗)] and 

𝑙𝑜𝑔𝑖𝑡[𝑚𝑒𝑑(𝜏𝑗)] (i.e. the means correspond to pre-specified median values 𝑚𝑒𝑑(𝜃𝑗) 

and 𝑚𝑒𝑑(𝜏𝑗) when transformed back to the original scale) and covariance matrix 𝜮. 

We assume a covariance of 0 and a variance of 0.1 for both variables. 

2. For each subject 𝑖, determine the true event status 𝑦𝑖  as 𝑦𝑖~𝐵𝑖𝑛𝑜𝑚(𝑝). 

3. If 𝑦𝑖 = 1, determine the apparent event status 𝑦𝑖
∗ as 𝑦𝑖

∗~𝐵𝑖𝑛𝑜𝑚(𝜃𝑗). If 𝑦𝑖 = 0, 

determine it as 𝑦𝑖
∗~𝐵𝑖𝑛𝑜𝑚(1 − 𝜏𝑗). 

4. If there is at least one apparent non-event and one apparent event, estimate the 

incidence probability and the corresponding SE. 

5. Repeat steps 1-4 5000 times for every investigated combination of 𝑚𝑒𝑑(𝜃𝑘) and 

𝑚𝑒𝑑(𝜏𝑘), where  𝑚𝑒𝑑(𝜃𝑘) is evaluated at (0.0001, 0.05, 0.10, 0.15, … , 0.95, 0.9999) 

and 𝑚𝑒𝑑(𝜏𝑘) at (0.0001, 0.25, 0.50, 0.75, 0.9999). 

 

Simulation algorithm used for the investigation of the impact of misclassification on the 

estimation of the risk difference, risk ratio, and odds ratio. 

1. Sample center-specific sensitivity and specificity levels 𝜃𝑗  and 𝜏𝑗 on the logit scale 

from a bivariate normal density with means equal to 𝑙𝑜𝑔𝑖𝑡[𝑚𝑒𝑑(𝜃𝑗)] and 

𝑙𝑜𝑔𝑖𝑡[𝑚𝑒𝑑(𝜏𝑗)] and covariance matrix 𝜮. We assume a covariance of 0 and a variance 

of 0.1 for both variables. 

2. Per center, randomize subjects in a 1:1 ratio, using block randomization with block 

size four, to the control treatment arm (𝐴 = 0) or to the experimental treatment arm 

(𝐴 = 1). 



97 

 

3. Simulate 𝑦𝑖 as 𝑦𝑖~𝐵𝑖𝑛𝑜𝑚(𝑝1) if the subject is in arm 𝐴 = 1 and as 𝑦𝑖~𝐵𝑖𝑛𝑜𝑚(𝑝0) 

otherwise. 

4. If 𝑦𝑖 = 1, determine the apparent event status 𝑦𝑖
∗ as 𝑦𝑖

∗~𝐵𝑖𝑛𝑜𝑚(𝜃𝑗). If 𝑦𝑖 = 0, 

determine it as 𝑦𝑖
∗~𝐵𝑖𝑛𝑜𝑚(1 − 𝜏𝑗). 

5. If there is at least one apparent non-event and one apparent event in both treatment 

arms, estimate the apparent RD, log RR and log OR and the corresponding SEs. 

Determine whether the estimates are significantly different from zero in the correct 

direction. 

6. Repeat steps 1-5 2000 times for every investigated combination of 𝑚𝑒𝑑(𝜃𝑘) and 

𝑚𝑒𝑑(𝜏𝑘). 

 

Simulation algorithm used for the investigation of the impact of misclassification on the 

estimation of the hazard ratio. 

1. Sample center-specific sensitivity and specificity levels 𝜃𝑗  and 𝜏𝑗 on the logit scale 

from a bivariate normal density with means equal to 𝑙𝑜𝑔𝑖𝑡[𝑚𝑒𝑑(𝜃𝑗)] and 

𝑙𝑜𝑔𝑖𝑡[𝑚𝑒𝑑(𝜏𝑗)] and covariance matrix 𝜮. We assume a covariance of 0 and a variance 

of 0.1 for both variables. 

2. Per center, randomize subjects in a 1:1 ratio, using block randomization with block 

size four, to 𝐴 = 0 or 𝐴 = 1. 

3. Assuming that the hazard of outcome event Y is given by 𝜆(𝑌|𝐴) = 𝜆0 · 𝑒𝑥𝑝(𝜆1𝐴), 

and that observations are censored after 365 days, the cumulative survival function is 

given by 𝑆(𝑌|𝑡, 𝐴) = 𝑒𝑥𝑝 (− ∫ 𝜆(𝑢) 𝑑𝑢
𝑡

0
) =  𝑒𝑥𝑝(−𝑡 · 𝜆0 · 𝑒𝑥𝑝(𝜆1𝐴)). 𝑆(𝑌|𝑡 =

365, 𝐴 = 0) = 1 − 𝑝0. Therefore, 𝜆0 =
−𝑙𝑛(1−𝑝0)

365
. Also, because 𝑆(𝑌|𝑡 = 365, 𝐴 =

1) = 1 − 𝑝1, 𝜆1 = 𝑙𝑛 (
ln (1−𝑝1)

ln (1−𝑝0)
). Note that the true HR therefore equals 

ln (1−𝑝1)

ln (1−𝑝0)
. For 

every subject 𝑖, draw 𝑈𝑖~𝑈𝑛𝑖𝑓(0,1). Simulate true event times as the first 𝑡 =

(1, … , 365) for which 𝑈𝑖 > 𝑆(𝑌|𝑡, 𝐴) minus one half. If 𝑈𝑖 never exceeds 𝑆(𝑌|𝑡, 𝐴), 

censor the subject at 365 days. 

4. Introduce false negative events: For subjects who experienced an event in center 𝑗, 

censor the true event time at 365 days if a draw from 𝐵𝑖𝑛𝑜𝑚(𝜃𝑗) = 0. 
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5. Introduce false positive events: Within the set of subjects with censored true event 

times in center 𝑗, introduce event times as the first 𝑡 for which 𝑈𝑖
𝐹𝑃 > 𝑆(𝐹𝑃|𝑡), minus 

one half. Here, 𝑈𝑖
𝐹𝑃~𝑈𝑛𝑖𝑓(0,1) and 𝑆(𝐹𝑃|𝑡) = 𝑒𝑥𝑝 (

𝑡·𝑙𝑛(𝜏𝑗)

365
). The latter follows from 

assuming that the hazard of a false positive event is assumed constant and that 

𝑆(𝐹𝑃|𝑡 = 365) = 𝜏𝑗. If 𝑈𝑖
𝐹𝑃 never exceeds 𝑆(𝐹𝑃|𝑡), let the event remain censored at 

365 days. 

6. If there is at least one apparent non-event and one apparent event in both treatment 

arms, estimate the apparent HR on the log scale and the corresponding SE. Determine 

whether the estimate is significantly different from zero in the correct direction. 

7. Repeat steps 1-6 2000 times for every investigated combination of 𝑚𝑒𝑑(𝜃𝑘) and 

𝑚𝑒𝑑(𝜏𝑘). 

 

Note that results are only shown if at most five percent of the simulated trials yield invalid 

comparisons (e.g. if no (non-)events are observed in one or both of the treatment arms). If the 

percentage of invalid comparisons is non-zero but lower than five percent, the invalid 

comparisons are removed from the data before calculation of the outcomes of interest. 

 

Appendix B 

To investigate the impact of adjusting for a (fixed) main center effect, we model the RD and 

log RR using Poisson regression analysis with the identity and log link function and robust 

standard errors [13]. The adjusted log OR is estimated through logistic regression analysis, 

with Firth correction to prevent numerical non-convergence caused by separation [14]. The 

adjusted log HR is estimated by means of Cox proportional hazards regression analysis. The 

results are shown in Figure B1, and are not substantially different from the unadjusted results, 

with the exception that the increased model complexity yields more computational problems. 

A similar result is observed for the statistical power.  
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Abstract 

Objective: Pragmatic trials offer the opportunity to obtain real-life data on the relative 

effectiveness and safety of a treatment before or after market authorization. This is the 

penultimate paper in a series of eight, describing the impact of design choices on the practical 

implementation of pragmatic trials. Study design and setting: This paper focuses on the 

practical challenges of collecting and reporting safety data and of monitoring trial conduct 

while maintaining routine clinical care practice. Conclusion: Current ICH guidance 

recommends that all serious adverse events and all drug-related events must be reported in an 

interventional trial. In line with current guidance, we propose a risk-based approach to the 

collection of non-drug-related non-serious adverse events and even serious events not related 

to treatment based on the risk profile of the medicine/class in the patient population of 

interest. Different options available to support the collection and reporting of safety data 

while minimizing study-related follow-up visits are discussed. A risk-based approach to 

monitoring trial conduct is also discussed, highlighting the difference in the balance of risks 

likely to occur in a pragmatic trial compared to traditional clinical trials and the careful 

consideration that must be given to the mitigation and management of these risks to maintain 

routine care. 
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1. Introduction 

Pragmatic trials are usually conducted to demonstrate the real-world effectiveness, safety or 

health-economic benefits of a new medicine, an existing medicine for a new indication, 

behavioral/surgical interventions, or diagnostic tests in routine clinical practice [1]. The 

potential to demonstrate such real-world effects heavily relies on the willingness of patients 

and treating physicians to participate in this type of research [2, 3] and also on the ability to 

maintain routine clinical practice (to the extent possible) throughout the duration of the trial. 

However, this can be challenging due to the regulatory requirements imposed on 

interventional studies that involve the random assignment of patient to a particular therapy 

[4]. The collection of adverse events (AE) and the monitoring of trial conduct to ensure that 

the trial is conducted, recorded, and reported according to good clinical practice (GCP) may 

impact routine clinical care. This, in turn, would mean that data are not really representative 

of the real-life clinical situation, and generalizability of trials results may be compromised [5, 

6]. 

 

However, the nature and extent of AE collection and monitoring of trial conduct can be 

dependent on the specifics of the study. For example, the concept of “low interventional 

trials” will be introduced in the new European clinical trial regulation [7]. These regulations 

relate to investigational medicinal products used according to their marketing authorization or 

for which the use is evidence based. In addition, the Food and Drug Administration (FDA) 

and the European Medicines Agency (EMA) have stressed the need for developing more risk-

based approaches toward the monitoring of trial conduct. These concepts provide an 

opportunity for a more proportionate approach to the collection of safety data and the 

monitoring of trial conduct that may be suitable for pragmatic trials. The present paper 

discusses the main operational challenges in specifying a safety monitoring plan and a trial 

monitoring plan for pragmatic clinical trials. 

 

1.1. Collection and reporting of safety events 

Current international guidelines on GCP state that all serious adverse events (SAEs) must be 

collected in an interventional trial and reported within 24 hours to the trial sponsor unless 

specified otherwise in the study protocol [8]. The collection and reporting of non-SAEs can 
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be tailored under certain conditions, for instance, if a significant amount of safety data is 

already available as is the case with a marketed medication [9]. Furthermore, the nature and 

extent of patient safety monitoring may depend on the added risks of the trial intervention 

relative to standard care [9]. The new European Clinical Trial Regulation moves toward 

further simplification and defines that the protocol may exclude certain AEs from being 

recorded and reported and also exclude certain SAEs from requiring immediate reporting [7]. 

Therefore, here, we propose that the extent to which non-SAEs should be recorded depends 

on whether (1) the data will be used to define the safety profile of the medication; (2) there 

are specific safety surveillance measures in place as part of a market authorization; (3) the 

medication is being used in accordance with the market authorization; (4) the safety profile of 

the medicine and/or class is known in the patient population under study; and (5) data are 

being reported by a qualified physician who determines drug relatedness and severity of any 

given event. 

 

It is conceivable that only serious and non–serious adverse drug reactions (ADRs) may be 

collected in a pragmatic trial that examines a marketed medicine of which the safety profile 

has previously been described. However, it should be noted that depending on what is known 

about the medicine or class of medicines, some drug-related AEs will not be known and 

therefore careful consideration should be given to assessing the relatedness of AEs with the 

drug and the risk of missing new drug-related AEs if the decision is made not to report all 

AEs. In the preauthorization phase or when new indications are investigated, however, 

collection of all serious and non-SAEs (SAEs and AEs) may still be required (see Figure 1). 

Furthermore, the higher the risks associated with the medicine and the higher the disease 

severity, the more frequently physicians should monitor the patients. In pragmatic trials, 

safety data collection should, wherever possible, be embedded within routine care visits, 

although it must be acknowledged that these vary widely globally according to different local 

practice. The frequency with which data should be collected will also depend on the level of 

safety information available about the medicine. The less information available or the higher 

the risks associated with the medicine, the more regularly physicians should monitor the 

patients. In cases where local norms are insufficient, visit frequency may need to be included 

in a protocol. The disease being studied, and trial design will also affect the frequency of data 
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collection. More severe conditions, which are normally associated with more frequent routine 

monitoring by the treating physician, offer greater opportunity to also frequently collect 

study-related safety data in a manner that does not interfere with routine care. 

 

 

Figure 1. Which safety events should be collected in a pragmatic trial? 1Level of collection will depend on: objectives of the 

study effectiveness or effectiveness/risk, what is known about the safety profile of the drug, postmarketing pharmacovigilance 

requirements, and length of time drug has been on the market; 2Patients should be managed in accordance with standard 

clinical practice; there is no need to impose additional “trial” restrictions; 3Modified algorithms to accommodate 

comorbidities in trial population, Serious adverse event (SAE): any serious medical occurrence in a clinical study 

participant, temporally associated with the use of a study treatment, whether or not considered related to the study treatment. 

 

1.2. The challenges of collecting and reporting AE data in pragmatic trials 

As pragmatic trials investigate the effects of medication in routine care, they may include 

investigators who are inexperienced in conducting clinical research, AE reporting, and 

assessing drug relatedness. From a practical perspective of costs, time, and space, frequent 

trial visits may not be something the practice can easily manage and so may affect the 

willingness of physicians and patients to participate. Some severe conditions, such as Chronic 

obstructive pulmonary disease (COPD), require a high frequency of follow-up visits; 

however, the frequency often decreases as the control of symptoms improves, and patients 

may not be seen for several months. Similarly, patients with well-controlled high blood 

pressure may only visit their physician annually for routine check-ups, introducing the need to 

consider alternative methods, such as follow-up by telephone, to collect safety data. 

Furthermore, study patients may present themselves in a health care department or emergency 

room outside the scope of the investigator. This and any associated safety events may remain 

unreported to the patient's physician, especially with infrequent follow-up, unless it is 
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recorded in the hospital medical records or the investigator is reminded to interview the 

patient on clinical events during a follow-up. 

 

1.3. Possible approaches to the collection and reporting of AEs 

Collecting safety data in a structured and complete manner is crucial to understand the course 

of an AE and its potential drug relatedness. The mechanism for collecting and reporting 

information about an AE, as well as information about the relevant context such as 

comedication/comorbidities, will depend on (1) the objectives and design of the trial; (2) 

whether the patient is randomized to any treatment and whether those treatments are already 

licensed or not; (3) the normal treatment pathway of the patient in the country where the trial 

is being conducted (i.e., the regularity with which patients will routinely visit their treating 

physician or whether the patient routinely visits multiple physicians for different aspects of 

their health care); and (4) the availability of electronic health record (EHR) data or the use of 

case report forms for data collection and reporting. A variety of options are described below 

and summarized in Figure 2. 

 

 

Figure 2. Potential options for data collection. EHR: electronic health record. 
 

When thinking about how to gather safety data in the absence of trial visits, where a marketed 

product is being used, it may be attractive to consider the use of the spontaneous reporting 

systems that are in place in many countries. These systems have been put in place to enable 

patients and physicians to report AEs that they believe are associated with a drug [10, 11] 
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directly to their local authorities. The advantage of this type of approach is that the market 

authorization holder can continually monitor the systems for any reported events as part of 

their standard pharmacovigilance activities. However, spontaneous reporting systems are not 

designed to and do not support reporting for a trial as the source of data cannot be traced, and 

information of the event is often incomplete. This may lead to problems with assigning 

relatedness to the medicines. Often, there is no scope within the systems to (re-)evaluate the 

relatedness of ADRs submitted by patients or physicians to drug exposure or to specifically 

label potential events as AEs instead of ADRs. Furthermore, there is known underreporting of 

events for medicines with which patients and physicians are familiar. In general terms, 

therefore, spontaneous reporting systems support the detection of potential unknown ADRs; 

however, they are not suited for estimating the incidence of ADRs [10, 12]. 

 

Patient-reported outcomes collected both via validated instruments and web-based sources are 

becoming increasingly important in understanding the benefits and risks of medicines in the 

real world. Indeed, numerous pharmacovigilance programs are already integrating structured 

patient reporting, with evidence of improved detection of treatment risks [13]. However, to be 

accepted by industry and regulators, there needs to be consensus on what and how data should 

be collected; how safety signals should be managed; and whether or not physician 

confirmation is appropriate when patient or carers are reporters. 

 

EHRs are adopted by an increasing number of practices and hospitals and can therefore be 

instrumental in collection of information about specific AEs. To facilitate a more structured 

enquiry about symptoms, events, or other relevant information, electronic pop-up menus 

incorporated in the EHR system could be helpful and indeed have been shown to support 

accurate reporting in pragmatic trials [6]. However, given the fact that EHR systems are 

developed to support patient care rather than clinical research, many systems are not validated 

for use in clinical research or meet the requirements of international safety reporting [14, 15]. 

If EHR systems are to be used, it is important to discuss and understand how physicians enter 

information about potential AEs into the EHR system. Known ADRs are unlikely to be the 

sole reason for a patient to visit their physician, any detailed information about the event may 

only be captured as free text, and therefore, it is essential to ensure that the free text fields of 
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the EHR system can be searched for information that is relevant for AE reporting to limit 

under reporting of these ADRs. On the other hand, an event that was not already known to be 

associated with the medication may actually be a reason for consulting the physician but may 

not be labeled as such. The level of missing data, misclassification of events, and potential lag 

between an event happening and the availability of data for expedited reporting are all aspects 

that will impact the suitability of EHRs systems for reporting events. For example, to depend 

on EHR surveillance fully, the EHR system needs to capture all physician encounters both 

within the trial setting and also any other settings where the patient may receive medical care. 

It must also capture all necessary data to support the reporting and interpretation of the event, 

such as the time to onset of event, a description of the event, seriousness criteria, drug 

relatedness, and the outcome of the event as well as drugs prescribed at time of event and 

information regarding related comorbidities. 

 

The Salford Lung Studies have been designed to evaluate the effectiveness and safety of the 

once-daily combination of the ICS fluticasone furoate and the novel LABA vilanterol (VI) 

(Relvar) compared with existing maintenance therapy in a large, real-world population of 

patients with COPD [16] and asthma [17] in conditions of normal care. Both these studies 

were supported by an integrated primary and secondary EHR system which enabled 

physicians to monitor the occurrence of potential AEs in near real time. Data were reviewed 

daily by an independent trial safety team of physicians and nurses. If events were identified, 

the trial team contacted the treating physician to establish the relatedness of the event to the 

drug [16, 17]. Such integrated systems offer the potential for near real-time safety reporting to 

the trial sponsor, which is comparable or even beyond that currently available in the routine 

clinical trial setting where non–serious events are generally collected at least every 4 weeks. 

 

1.4. Monitoring of trial conduct 

Regulatory agencies have stressed the need for pharmaceutical companies to develop more 

proportionate and risk-based methodologies for clinical trial monitoring [18, 19], as the 

resource-intensive “traditional” approach to trial monitoring becomes less feasible as trial 

complexity increases. This point of view corresponds to the current ICH GCP guidelines, 



111 

 

which explicitly dictate that “the sponsor should develop a systematic, prioritized, risk-based 

approach to monitoring clinical trials” [20, p.30]. 

 

Various risk assessment tools have been developed that can aid protocol developers in 

establishing the risk level of a trial by considering the wide range of possible sources of issues 

that may occur during the conduct of clinical trials. For example the procedures used in the 

ADAMON and OPTIMON studies [21, 22] or TransCelerate's Risk Assessment 

Categorization Tool [23]. These tools may be useful for pragmatic trials as well, provided it is 

taken into account that the likelihood of risks occurring in a pragmatic trial or the impact may 

be different from a traditional trial. For example, failure to follow the protocol is often cited 

as being one of the top five deficiencies of efficacy trials when audits are conducted by 

regulatory authorities. In contrast, in a pragmatic trial, because the protocol should remain 

very flexible to reflect standard clinical practice, less protocol deviations may be expected. If 

pragmatic trial protocols request data collection that is not part of routine care but regarded as 

of key importance to the trial, the risk of missing data (which may be regarded a protocol 

deviation) may be higher in pragmatic than in traditional randomized controlled trials due to 

the generally less strict follow-up requirements and the participation of a higher proportion of 

research-naive physicians. Treatment adherence is likely to be much lower in a pragmatic trial 

and would be considered a risk in a traditional trial. However, lack of adherence may actually 

drive the real-world effectiveness or safety of the medicine and is therefore not a risk that 

would be actively managed in a pragmatic trial. 

 

The main challenge when designing a monitoring plan for a pragmatic trial is defining how to 

manage each of these risks. For example, in a traditional trial, a site visit and retraining may 

be triggered if investigators continually fail to accurately complete the electronic case report 

form (eCRF) and/or report SAEs in a timely manner. In the case of a pragmatic trial, 

especially where data are being extracted directly from the EHR, some missing data are 

inevitable and should be factored into the protocol design and data analysis plans. Although 

large problems with missing data may trigger some (re-)training, one would be reticent with 

this as it may interfere with the real-world nature of the study. The use of broader inclusion 

criteria, as is typical for pragmatic trials, may in fact result in less favorable risk assessments, 
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as more vulnerable patients are included. The same may be true when including investigators 

that are less experienced. Each of these could trigger the requirement for additional site visits 

which may impact on routine care. 

 

Various approaches to monitoring are being implemented, and central monitoring approaches 

are being more routinely adopted [24]. For instance, statistical monitoring may help in 

identifying unlikely or inconsistent data patterns (and may in that respect be preferred over 

on-site visits) [25]. Random and targeted source data verification (SDV) may reduce the 

volume of data that is to be SDV-ed by the clinical research assistant (CRA) [26-29]. Remote 

SDV may remove the need to visit trial sites physically [30, 31]. The use of centrally 

available data allows for a dashboard-like overview of key performance indicators or metrics, 

which may be used to trigger on-site visits if specific thresholds are exceeded (see [23] for 

examples). However, adopting centralized forms of monitoring that require regularly updated 

sources of data may be challenging in a pragmatic trial. Often investigators need to apply to 

access EHR records. Therefore, what data are required and how often it is required will in 

general have to be decided in the protocol design/site feasibility stage, to ensure access can be 

sought to allow trial recruitment, data completeness, and other trial performance metrics to be 

assessed. 

 

In the case of on-site monitoring, it is important to ensure that the EHR systems can support 

requirement for monitoring with regard to controlled access (e.g., monitors should be given 

unique credentials to access only those records of patients enrolled in the study, and they 

should not be able to access other patients records who have not consented to be part of the 

study). As described above, this is often a challenge when working with EHR systems that 

have been developed to support patient care rather than clinical research. 

 

In conclusion, the risk-based monitoring framework provides flexibility, which may benefit 

pragmatic trials, but also requires careful and early consideration of the monitoring plan for 

each individual trial which may be challenging. 
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2. Discussion and conclusion 

ICH Guidelines, for all clinical trials in any phase, dictate that all SAEs must be reported to 

the sponsor and within 24 hours of the investigator becoming aware of an event unless 

directed otherwise in the protocol. In pragmatic trials, that generally follow routine clinical 

practice, additional study-related activities and follow-up visits should be minimized. This 

may complicate the structured collection of drug-related safety data. However, several 

different options for data collection are available to researchers depending on the study design 

which range from more traditional collection of safety data using an eCRF during routine care 

visits to the remote surveillance of EHR data. 

 

The risk-based monitoring approaches being used to increase efficiency of monitoring trial 

conduct can be applied to pragmatic trials. However, although the types of risks associated 

with the implementation of a pragmatic trial are similar, their relative importance, detail, 

and/or interpretation are likely to be different from a traditional trial. Remote monitoring 

techniques currently rely on data being fed through companies' data management systems; 

this works well where data collection is done via eCRF, however, where data are collected 

directly from an EHR system a mechanism will need to be put in place to allow monitors to 

access the data required. This requires up front planning and discussion with data system 

custodians as it is possible that investigators may need to apply for permission to access the 

data (even remotely) at set intervals throughout the study. 

 

Whatever approach is taken for collecting safety data and monitoring trial conduct, in a 

pragmatic trial, it is likely to be “nonstandard” compared to an explanatory trial (Figure 3) 

and will therefore require early and detailed discussions with ethics review boards and 

regulatory authorities in all participating countries. 
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Figure 3. Comparison between efficacy/safety and pragmatic trials. AE: adverse event; SAE: serious adverse event; EHR: 

electronic health record; ADR: adverse drug reaction; PCT: Pragmatic Clinical Trial; PRO: patient-reported outcome. 
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1. Introduction 

The quality of a clinical trial is commonly interpreted as its ability to “effectively answer the 

intended question about the benefits and risks of a medical product (therapeutic or 

diagnostic) or procedure, while assuring protection of human subjects.” (see, e.g., [1, p.S112] 

and [2, p.125]). 

 

To assure the quality of the trial during its conduct phase, different parties perform a range of 

monitoring procedures [3]. Typically, (1) the health status of individual subjects is monitored 

by the investigators (i.e., the treating physicians or nurses); (2) the adherence of investigators 

(and their teams) to the trial protocol is monitored by a Clinical Research Associate (CRA) 

employed by the sponsor or Contract Research Organization (CRO); (3) the correctness of the 

data that is being submitted by investigators (and their teams) is being reviewed by data 

management departments of the sponsor or CRO. In addition, if the assessment of clinical 

events that are important for the trial requires some level of subjectivity, an adjudication 

committee may be appointed to review the initial diagnoses; (4) the day-to-day progress of the 

trial is monitored by the trial management committee consisting of representatives of the 

sponsor (sometimes in combination with other experts, in which case the committee is called 

the ‘trial steering committee’); (5) the emerging risk/benefit profile of the investigational 

medicinal product and the scientific validity of a trial are monitored by institutional review 

boards and the data monitoring committee. 

 

As trials are becoming ever more complex and costly [4-6], it is necessary to critically reflect 

on how resources are being spent. In this respect, trial monitoring activities, in particular 

those related to the monitoring of investigators and their teams by CRAs, have frequently 

been the subject of critical remarks. 

 

Typical tasks of a CRA include the training of site personnel, validating informed consent 

forms, inspection of unreported adverse events, and checking for errors in the data [7, section 

5.18.4]. Traditionally, with trials being largely paper-based, site monitoring was largely 

performed at the investigational center, requiring the CRA to physically visit the center on 

regular intervals during the progress of the trial. One of the most time-consuming activities of 
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the CRA is source data verification (SDV). SDV is the process of comparing source data 

against the data as written/entered on (electronic) case report forms to determine whether 

information was copied incorrectly (or not at all) and to correct any discrepancies. In 

industry-sponsored trials in particular, frequent site visits in combination with SDV of all 

source data (‘100% SDV’) has long been the standard ([4,8]). 

 

This intensive ‘standard’ approach towards site monitoring has been the subject of much 

debate, with criticism focused on (1) its substantial costs [9-14], (2) the lack of empirical 

evidence favoring such methods over possibly more efficient alternatives [4,9,12,15-17], (3) 

the lack of proportionality, i.e., the implicit view that all errors are equally important [9, 18], 

and (4) the limited scope of SDV, which aims to detect transcription errors but may fail to 

detect inaccuracies in the source documentation [19]. In addition, from a quality management 

perspective, it can be argued that “the current system of inspecting clinical sites to ensure 

quality in clinical trials also encourages an approach similar to old-fashioned manufacturing 

systems: produce the product, catch the defective ones, and throw them out. Throwing out 

clinical trial data after the fact is ineffective and wasteful.” [1, p.S112] (similar statements 

are found in [9] and [20]). Lastly, it has been argued that the reliance on frequent site visits 

with 100% SDV is based on an overly strict interpretation of regulatory guidelines [21,22] 

(although those guidelines themselves have been subjected to criticism as well [19,23]). 

 

In response, both the European Medicines Agency (EMA) and the Food and Drug 

Administration (FDA) finalized a guidance report in which they stress the need to adapt more 

efficient, risk-proportionate approaches towards clinical trial monitoring [4,18]. However, the 

agencies also acknowledge that “this is an evolving area” [18, p.15] and that “there are 

limited empirical data to support the utility of the various methods employed to monitor 

clinical investigations (e.g., superiority of one method versus another), including data to 

support on-site monitoring” [4, p.6]. 

 

In summary, the discussion on this topic has been going on for many years (e.g. see [9]). 

Nevertheless, in 2013, there still was limited empirical evidence concerning the effectiveness 

of the ‘traditional’ monitoring model (i.e., 100% SDV in combination with frequent site 
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visits). Therefore, the following questions need to be addressed: from the available literature, 

can we indeed conclude that the traditional model of site monitoring is insufficiently effective 

to justify its costs? Which alternatives have been proposed? And how is their impact on the 

trial quality and costs assessed? 

 

2. The value of SDV 

Sheetz et al. [24] assessed the value of SDV by various means (literature review, retrospective 

analysis of trial data and an assessment of major and critical findings from internal audits) and 

conclude that “SDV identifies an insignificant number of transcription errors” and that “SDV 

should no longer be the foremost quality management method employed in clinical trials, as 

SDV does not meaningfully contribute to overall data quality.” [24, p.679]. The authors also 

tried to investigate the impact of SDV on safety (in terms of missed (serious) adverse events), 

but were unable to provide conclusive results. They do note that there may be value of on-site 

monitoring visits in the detection of unreported adverse events. In a more recent literature 

review, Olsen et al. [25] conclude that “[...] 100% SDV is not a rational method of ensuring 

data integrity and subject safety based on the high cost [...]” [25, p.411]. Indeed, these results 

underscore the earlier critical remarks and stress the need for alternative methods that are less 

dependent on SDV. 

 

3. Proposed alternative site monitoring strategies 

As a result of the discussion, various alternative procedures have been proposed. In certain 

cases, these consist of ‘simple’ adaptations. For instance, pilot studies show that performing 

SDV or checking informed consent forms remotely (as opposed to on-site) may be feasible 

alternatives [26-29]. In addition, it may be attractive to focus SDV on critical aspects only or 

to use statistical sampling methodology [8,21,30-32]. 

 

However, most commonly, proposed strategies are based on the view that the type and nature 

of monitoring should be made dependent on the outcomes of some type of risk assessment. 

Generally, such methods are referred to as ‘Risk-Based Monitoring’ (RBM), although there 

exists considerable variation (see e.g. [33]). To avoid confusion, we make a rough distinction 

into three ‘types’ of RBM strategies (although they may be used in combination): 
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In its simplest form, a risk assessment is a structured a priori assessment of the risks based on 

the context and protocol of the trial (see e.g. the ADAMON risk analysis form [34] or 

TransCelerate’s Risk Assessment Categorization Tool [35]). Such assessments may consist of 

a series of items focusing on patient safety (e.g. ‘will the trial pose greater risk than standard 

treatment?’) or on the scientific validity (e.g. ‘does the diagnosis of the primary endpoint 

require a subjective assessment?’). The aim is two-fold: to ensure that the protocol is 

optimized (and adjusted when possible), and to assure that risks identified are mitigated by 

the monitoring activities described in the monitoring plan. An a priori assessment of risks can 

provide useful information regarding the prioritization of risks and the type of information 

that is necessary to ensure quality throughout the progress of the trial so that problems, when 

they occur, are quickly detected and mitigated: As reported by one monitor involved in the 

conduct of this type of RBM, “the positive effect clearly is that you think more about the 

study itself. If you take the effort to classify the study by risk factors you can actually 

eliminate many things upfront. Because of that evaluation, I know what to set value on when I 

open a site.” [36, p.7]. 

 

A second interpretation of RBM concerns the assessment of (regularly updated) information 

indicative of ‘site performance’. ‘Site performance’ is typically categorized in specific 

domains such as recruitment/retention, patient safety, protocol adherence, etc., each of which 

is quantified by one or more so-called ‘risk indicators’ or ‘performance indicators’ (see, e.g., 

[37,38]). The CRA can use this information (which is preferably obtained centrally) to 

determine which actions are required to ensure that centers are performing sufficiently well. 

Predefined triggers may be set to automate this process whenever some threshold is exceeded. 

These thresholds can be fixed values, values relative to the performance of other centers, or 

values indicative of a ‘sudden’ worsening. 

 

Besides maintaining oversight on centers through performance indicators, the structured set-

up of clinical trials allows between-center comparisons, to search for data pattern deviations 

indicative of data entry errors, non-calibrated measurement equipment, underreporting of 

clinical event/endpoints, or data fabrication. Checks are preferably performed in parallel to 
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the monitoring of risk indicators, i.e. during the conduct of the trial, to detect deviating 

centers as early as possible. This form of monitoring (often referred to as ‘central statistical 

monitoring’ (CSM)) typically consists of graphical or statistical assessments (see, e.g., [39-

49]). It is substantially different from the assessment of performance indicators [14], and may 

therefore require a separate role of ‘statistical monitor’. Often, the assessments focus on 

detecting data that is ‘too perfect’, or on deviations that can be expected when data is being 

fabricated (such as deviating patterns of digits [41]). If centers are flagged, further 

investigation of the data may be performed (potentially resulting in a for-cause audit). 

 

Many examples of the above procedures are publicly available. For instance, the ‘RBM 

toolbox’ from the European Clinical Research Infrastructure Network (ECRIN), available on-

line [50], provides a list of available tools. Examples of risk indicators are available from the 

TransCelerate [37] website. Programs that can be used for statistical monitoring are available 

as well (e.g. [42,49]). 

 

Nonetheless, there remains a need to critically reflect on available RBM before implementing 

them in practice. In our view, the publications by the EMA and the FDA [4,18] present an 

opportunity for a careful reassessment of the value and efficiency of the different options a 

CRA has when monitoring sites, including the utilization of technological advancements (e.g. 

the availability of trial data in real-time). Importantly, both publications suggest a greater 

focus on preventing issues from occurring, as opposed to detecting and correcting them. 

 

However, as pointed out by Ansmann et al. [51], proposed alternative monitoring strategies 

“almost always focus just on SDV and a reduction in the number of visits” [51, p. 2], which 

may be a too narrow focus. For instance, a priori risk assessments commonly yield a single 

risk category for a given trial. A corresponding visit schedule and ‘percentage of SDV’ is then 

assigned. Yet, while the main purpose of SDV is to improve the validity of the trial data by 

correcting transcription errors, it is not uncommon that the risk assessments are primarily 

focused around ‘risk’ in terms of patient safety. In our view, it is unclear whether it is 

reasonable to accept more transcription errors in studies that pose a low safety risk: the data 

needs to be of sufficient quality regardless of the exact nature of the investigational medicinal 
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product or the patient population. We therefore advise to carefully determine whether the 

relation between the outcome of a certain risk assessment and the proposed mitigation 

strategy is, in fact, reasonable
6
. In this respect, it may help to avoid assigning a single risk 

score to a trial, but instead focus on identified risks on a case-by-case basis. 

 

A second consideration relates to the expected reduction in terms of monitoring costs when 

shifting from on-site monitoring to centralized monitoring. For smaller trials in particular, the 

adaptation may imply a shift of resources rather than actual cost savings, as the 

implementation of the required infrastructure and methodology bring costs as well. 

 

4. Assessment of costs and effectiveness 

When choosing to alter site monitoring practices, it is necessary to investigate whether the 

alterations indeed have the desired effect. To some extent, this may be assessed a priori via 

simulation or retrospective analysis. Yet, in most cases, actual implementation in running 

trials will be required before conclusive statements can be made. Whenever feasible, such 

assessments are preferably performed with as much care as any investigation that aims to 

draw causal inferences, i.e. by means of a prospective study in which investigational centers 

are randomized to one of two monitoring strategies. At the very least, outcomes (e.g. 

monitoring costs or the number of important events not detected) should be pre-defined and 

the design should allow a sensible comparison. Although doing so may require additional 

resources (such as independent monitoring to observe whether certain events were not 

detected by the CRA), they are of key importance to ensure that the quality indeed is not 

negatively affected. Regardless of the exact type of analysis that is performed, it is important 

to share the results of these investigations in a manner that is transparent and that contains 

sufficient level of detail concerning the methodology applied. Preferably, via publications in 

peer-reviewed scientific journals (as opposed to e.g. white papers, which offer limited room 

for methodological details). 

                                                           
6
Also note that the relation between anticipated risks and the quality may not be as expected: 

“Counterintuitively, high risk studies [...] seem to be at lower risk for poor quality, probably due to the more 

closely monitored regulatory and legal environment which supports a well-planned set up of the study.” [36, 

p.11]. 
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There are several studies which are valuable in this respect: First, Liénard et al. [15] 

investigated the impact of on-site initiation visits on a number of outcomes (patient 

recruitment, quantity and quality of data submitted, and patient’s follow-up time). Centers 

were randomized to receive on-site initiation visits or not. The authors could not detect a 

significant contribution of on-site initiation visits to the trial. Second, the ADAMON trial [52] 

compared ‘extensive on-site monitoring’ (including complete SDV) against a monitoring 

strategy adapted to trial-specific risks. The outcome of interest was the number of patients 

with at least one major violation of Good Clinical Practice objectives. Centers were 

randomized to one of the monitoring strategies. The authors conclude that the risk-adapted 

monitoring strategy, while requiring less than half of the monitoring resources, is non-inferior 

to the extensive monitoring strategy, but also that the overall violation rates were much higher 

than anticipated. OPTIMON [53], a third study, is comparable to the ADAMON study. First 

results [54] again show a high rate of non-conformities in both arms. In this study, non-

inferiority could not be demonstrated. Two other relevant studies are still on-going at the time 

of writing: START [55] and TEMPER [56]. The START study aims to investigate whether 

on-site visits increases the identification of major protocol deviations. All centers receive 

local and central monitoring, but half of the centers are randomized to receive additional 

annual on-site monitoring visits. In the TEMPER study, a matched-pair design is used to 

evaluate whether a ‘targeted monitoring’ approach, in which centers are continuously 

monitored centrally on certain performance indicators, is sensible, i.e. whether centers that are 

to receive an on-site monitoring visit based on a pre-specified trigger indeed have higher rates 

of critical issues than untriggered sites.   

 

Note that these studies are all performed by academic parties. Although industry parties are 

implementing and investigating the impact of a risk-based monitoring process as well, the 

documentation concerning the impact assessment of those strategies is, as of yet, not 

sufficiently detailed. As a consequence, it is difficult to meaningfully judge the 

methodological validity of those assessments (e.g. [57]). We believe that there is much to gain 

in this respect: trials play a pivotal role in drug development, and it must be ensured that high 

quality is maintained and resources are adequately spend. To date, the available empirical 

evidence favoring one monitoring procedure over another remains limited. We therefore 
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suggest that more parties follow the example set by the studies outlined above. That is, design 

prospective studies within running trials and publish the findings and methodological details 

in peer-reviewed journals. From a patient, quality and cost perspective, efficient monitoring 

of clinical trials deserves a stronger evidence base than currently available. 

 

5. Conclusion 

Clinical trials are becoming more complex and expensive. Hence, it is necessary to critically 

reflect on how resources are being spent and whether the design and execution of trials can be 

made more efficient. One element of trial conduct that is commonly cited as a source of 

inefficiency is site monitoring, which traditionally relies heavily on 100% SDV and frequent 

on-site monitoring visits. Many authors, including regulatory agencies, have proposed 

alternative site monitoring strategies. Often, however, these alternatives still focus to a large 

extent on SDV and may benefit from a reassessment of the relation between the identified 

‘risks’ and the proposed mitigation strategies. In addition, the number of empirical studies 

comparing various monitoring strategies remains limited. We believe that more effort should 

be put into the comparison of different monitoring procedures. Although retrospective 

analysis or simulation studies may provide useful insights, such comparisons are ultimately 

preferably performed in a prospective manner. In addition, we believe that there is room for 

improvement in terms of the dissemination of the findings and methodological details of such 

assessments. 
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Clinical trials serve a key role in drug development programs, by providing scientific 

knowledge on the risks and benefits of medical treatments or therapies. However, conducting 

a clinical trial is a time-consuming endeavor which typically requires a large financial budget. 

It is therefore important to critically reflect on how resources are being spent. Indeed, the  

efficiency of clinical trial conduct is becoming an increasingly active topic of research and 

discussion. 

 

Estimates suggests that, typically, a considerable portion (15 to 30 percent) of a phase III trial 

budget is spent on the monitoring of the local investigators (i.e. the treating physicians) and 

their teams. Traditionally, this is the responsibility of a Clinical Research Associate (CRA), 

who is employed by the sponsor or contract research organization. The CRA visits the local 

centers on regular intervals and spends a large portion of his/her time comparing all submitted 

data against the source data, correcting any discrepancy that is detected. 

 

This thesis examines and further develops alternative monitoring strategies which are aimed 

to conduct clinical trials more efficiently, while at the same time preserving or even 

improving data quality. Mainly, it focuses on methods that reduce the reliance on the physical 

presence of the CRA on the local centers and make better use of centrally available data, and 

it reflects on specific aspects of monitoring for which the effectiveness has been the subject of 

discussion. 

 

The ‘traditional’ approach of trial monitoring, in which all submitted data is verified against 

source data, is known as ‘100% Source Data Verification (SDV)’. In chapter 2, a ‘random 

sampling SDV’ procedure is proposed as a possible alternative for 100% SDV. In random 

sampling SDV, a random selection of data points is verified against source data. The chapter 

describes how appropriate sample sizes can be determined and how many errors should be 

considered acceptable. To assess the impact of the proposed procedure in terms of the 

reduction in workload and the non-detected errors, a simulation study is performed. The 

results suggest that major reductions in workload can be achieved, while maintaining 

acceptable data quality levels. However, further improvement is possible, e.g. because the 

proposed procedure is too conservative. 
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Chapter 3 focuses on Central Statistical Monitoring (CSM), a form of monitoring in which 

digitally available data is used to detect deviating patterns. CSM can be used in parallel to on-

site monitoring, and may be particularly useful for the detection of data fabrication. Data 

fabrication in clinical trials is, most likely, a rare phenomenon. Nevertheless, it may have 

serious consequences not only for the trial in which it takes place but also for the public 

perception towards clinical research in general. It is therefore important to actively monitor 

for possible data fabrication and to detect potential cases of misconduct as early as possible. 

This chapter presents a collection of computationally simple analyses that can be used for this 

purpose. When applied to empirical data from a trial in which one investigational site was 

known to have committed fraud, the procedure detects the corresponding center early and 

consistently. Application to more, independent, empirical datasets is required to assess the 

procedure’s performance more formally. 

 

Failure to enroll the required number of patients in a clinical trial is a common problem. In 

chapter 4, it is investigated whether it is feasible to draw an a priori distinction between 

centers that will meet their enrollment requirement and those that will not, based on general 

characteristics of the center (e.g. the type of center and the level of experience of the trial 

staff). Using empirical data from a large international phase III trial, the predictive value of a 

large set of candidate predictors on enrollment performance is assessed. The results show that 

the predictive value is marginal, and too limited for use in practice. Despite being based on a 

single trial only, these findings illustrate that care should be taken when making operational 

decisions based on general center characteristics. Moreover, effective site selection may not 

require the collection of a large number of variables, as is currently common practice. 

 

Definitions of clinical trial outcome events may, to some extent, be subjective and therefore 

prone to misclassification. Adjudication committees, groups of independent experts, are 

employed to detect and correct misclassified events. However, various studies suggest that 

adjudication may have a limited impact on the substantial conclusions of clinical trials. In 

chapter 5, the impact of misclassification of outcome events on common estimators and 

statistical power is demonstrated by means of a number of illustrative simulations. The 

simulation results show that substantial problems can arise from event misclassification (even 
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in the context of trials where misclassification can be deemed ‘non-differential’). The decision 

to include an adjudication committee or not should not be based solely on the outcomes of 

empirical comparisons between pre- and post-adjudication results, but warrant more detailed 

consideration. 

 

Chapter 6 focuses on monitoring in the specific context of pragmatic clinical trials. In 

pragmatic trials, more efficient alternative site monitoring procedures will be particularly 

useful as these trials can be expected to require even larger patient numbers and their greater 

reliance on centrally available data. The chapter discusses how proposed methodologies can 

be used in this specific context, and specific considerations that need to be addressed. 

 

Chapter 7 provides a detailed discussion on the topic of clinical trial monitoring, the 

criticism on traditional approaches towards site monitoring, and the proposed alternative 

procedures. In addition, the available empirical evidence that compares different alternatives 

is discussed, as well as some general directions for future work. 
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Klinische trials verschaffen inzicht in de effectiviteit en mogelijke bijwerkingen van 

medicijnen of therapieën, en vervullen daarmee een belangrijke rol binnen de ontwikkeling 

van geneesmiddelen. Het uitvoeren van een trial is tijdsintensief en vergt grote financiële 

budgetten. Het is daarom van belang om de verschillende uitgaven binnen dit type onderzoek 

kritisch te evalueren. De efficiëntie waarmee medisch experimenteel onderzoek wordt verricht 

wordt een steeds belangrijker onderwerp van onderzoek en discussie. 

 

Een aanzienlijk gedeelte van het totale budget van een fase III studie, naar schatting 15 tot 30 

procent, wordt besteed aan het monitoren van het werk en personeel van de deelnemende 

ziekenhuizen. Dit monitoren is, traditioneel, primair de verantwoordelijkheid van de Clinical 

Research Associate (CRA), die in dienst is van de sponsor van het onderzoek of van een 

zogeheten ‘contract research organization’. De CRA bezoekt de ziekenhuizen en besteedt een 

groot gedeelte van zijn/haar tijd aan het controleren van de patiëntdata zoals die aan de 

sponsor is doorgegeven ten opzichte van de brongegevens, waarbij eventuele discrepanties 

worden gecorrigeerd. 

 

In dit proefschrift worden alternatieve monitoringstrategieën voorgesteld en onderzocht, die 

efficiënter zijn zonder de kwaliteit nadelig te beïnvloeden of deze zelfs te verbeteren. De 

primaire focus ligt op strategieën die de afhankelijkheid van de fysieke aanwezigheid van de 

CRA op de ziekenhuizen verminderen en waarbij meer gebruik gemaakt wordt van data die 

centraal beschikbaar is. Daarnaast wordt ingegaan op specifieke aspecten van het monitoren 

waarvan de effectiviteit onderwerp van discussie is. 

 

De ‘traditionele’ vorm van monitoren, waarbij alle data door de CRA wordt vergeleken met 

de brongegevens, staat ook wel bekend als ‘100% Source Data Verification’. In hoofdstuk 2 

wordt een alternatieve procedure beschreven die uitgaat van steekproefsgewijze controle. Er 

wordt een methode voorgesteld waarmee de steekproefgrootte kan worden bepaald, rekening 

houdend met het aantal fouten in de data dat nog als acceptabel beschouwd mag worden. Om 

de consequenties (in termen van bespaard werk en het aantal niet-gedetecteerde fouten) van 

deze methode te onderzoeken is een simulatiestudie uitgevoerd. De resultaten suggereren dat 

er inderdaad grote besparingen mogelijk zijn zonder de kwaliteit van de data substantieel te 
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beïnvloeden. Verdere verbetering van de methodiek is nog mogelijk: de voorgestelde methode 

is bijvoorbeeld nog steeds te conservatief. 

 

Hoofdstuk 3 is gericht op ‘Central Statistical Monitoring (CSM)’, een vorm van monitoren 

waarbij in de centraal beschikbare data wordt gezocht naar afwijkende patronen. CSM kan 

gebruikt worden naast een meer traditionele monitoringstrategie, en is mogelijk een effectief 

middel om datafabricatie te detecteren. Datafabricatie is naar alle waarschijnlijkheid een 

zeldzaam fenomeen. Desalniettemin kan het aanzienlijke negatieve gevolgen hebben, zowel 

voor het onderzoek waarin de fraude plaatsvindt als voor het publieke imago van medisch-

wetenschappelijk onderzoek in het algemeen. Het is daarom van belang om actief te 

controleren of data mogelijk gefingeerd is, zodat potentiele fraudeurs in een zo vroeg 

mogelijk stadium kunnen worden gedetecteerd. In dit hoofdstuk wordt een reeks analyses 

beschreven dat voor dit doel kan worden gebruikt. Wanneer deze analyses worden toegepast 

op empirische data van een studie waarbij in één centrum daadwerkelijk patiëntgegevens zijn 

gefabriceerd, blijkt dat het betreffende centrum inderdaad consistent wordt gedetecteerd. Een 

meer formele evaluatie van de effectiviteit van de methode behoeft toepassing op meerdere 

onafhankelijke studies. 

 

Een veelvoorkomend probleem in de uitvoering van medisch onderzoek is dat benodigde 

patiëntaantallen niet behaald worden. In hoofdstuk 4 wordt onderzocht of het mogelijk is om, 

a priori, een onderscheid te maken tussen centra die wel de benodigde aantallen weten te 

includeren en centra waarvoor dat niet geldt, aan de hand van algemene eigenschappen van de 

centra (bijvoorbeeld het type centrum of de ervaring van het personeel met het uitvoeren van 

klinische studies). Gebruikmakend van empirische data van een internationale fase III studie 

wordt de voorspellende waarde van een groot aantal kandidaat-voorspellers onderzocht. De 

bevindingen laten zien dat deze voorspellende waarde te beperkt is voor toepassing in de 

praktijk. Hoewel slechts gebaseerd op data van één studie, laten deze bevindingen zien dat er 

voorzichtig moet worden gehandeld wanneer er operationele beslissingen worden genomen 

op basis van algemene eigenschappen van deelnemende centra. Het illustreert daarnaast 

mogelijk ook dat de huidige praktijk, waarin een groot aantal factoren wordt meegewogen in 
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de beslissing om een centrum wel of niet te includeren in een studie, wellicht maar in 

beperkte mate effectief is. 

 

De definities die worden gehanteerd om een klinische uitkomst te classificeren kunnen, tot op 

zekere hoogte, subjectief van aard zijn. Daarmee is het mogelijk dat bepaalde typen 

uitkomsten verkeerd gediagnosticeerd worden. Tijdens het uitvoeren van een klinische studie 

kan een onafhankelijke groep experts (een zogeheten ‘adjudication committee’) in het leven 

worden geroepen om mogelijke verkeerde diagnosen te detecteren en te corrigeren. De 

resultaten van meerdere onderzoeken lijken echter te suggereren dat dit proces slechts van 

beperkte invloed is op de resultaten van een klinische trial. In hoofdstuk 5 wordt, aan de hand 

van illustratieve simulaties, besproken wat het effect van misdiagnose kan zijn op 

veelgebruikte schatters en op de statistische power van significantietoetsen. Er wordt 

geconcludeerd dat misdiagnose wel degelijk een substantieel effect kan hebben, ook in een 

klinische trial waar de kans op misdiagnose gelijk is in de twee onderzoeksarmen. De keuze 

om wel of geen zogeheten adjudication committee aan te stellen vereist daarom een gedegen 

discussie, en dient niet enkel gebaseerd te worden op de uitkomsten van empirische 

vergelijkingen. 

 

Hoofdstuk 6 richt zich op monitoren in de specifieke context van pragmatische klinische 

trials. Vanwege de mogelijk nog hogere patiëntaantallen en de afhankelijkheid van centraal 

aanwezige patiëntgegevens is de noodzaak tot meer efficiënte vormen van monitoren, in dit 

type trial in het bijzonder, groot. In dit hoofdstuk wordt besproken op welke wijze 

voorgestelde alternatieven kunnen worden toegepast in deze context. 

 

Hoofdstuk 7 is een uitgebreide discussie over het monitoren van klinische trials, de kritiek op 

de ‘traditionele’ vormen van monitoren, en alternatieve monitorprocedures zoals die zijn 

voorgesteld als gevolg van die kritiek. Daarnaast bespreekt het de mate waarin alternatieve 

strategieën voor het monitoren van klinische trials empirisch getoetst of vergeleken zijn, en 

bevat het algemene suggesties voor vervolgonderzoek. 
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