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Purpose: To estimate medical device utilization needed to detect safety differences among 

implantable cardioverter defibrillators (ICDs) generator models and compare these estimates to 

utilization in practice.

Methods: We conducted repeated sample size estimates to calculate the medical device 

utilization needed, systematically varying device‐specific safety event rate ratios and significance 

levels while maintaining 80% power, testing 3 average adverse event rates (3.9, 6.1, and 12.6 

events per 100 person‐years) estimated from the American College of Cardiology’s 2006 to 2010 

National Cardiovascular Data Registry of ICDs. We then compared with actual medical device 

utilization.

Results: At significance level 0.05 and 80% power, 34% or fewer ICD models accrued sufficient 

utilization in practice to detect safety differences for rate ratios <1.15 and an average event rate of 

12.6 events per 100 person‐years. For average event rates of 3.9 and 12.6 events per 100 person‐
years, 30% and 50% of ICD models, respectively, accrued sufficient utilization for a rate ratio of 

1.25, whereas 52% and 67% for a rate ratio of 1.50. Because actual ICD utilization was not 

uniformly distributed across ICD models, the proportion of individuals receiving any ICD that 

accrued sufficient utilization in practice was 0% to 21%, 32% to 70%, and 67% to 84% for rate 

ratios of 1.05, 1.15, and 1.25, respectively, for the range of 3 average adverse event rates.

Conclusions: Small safety differences among ICD generator models are unlikely to be detected 

through routine surveillance given current ICD utilization in practice, but large safety differences 

can be detected for most patients at anticipated average adverse event rates.
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surveillance; sample size

1 | INTRODUCTION

The Food and Drug Administration’s (FDA) developed an automated medical product 

surveillance system known as the Sentinel Initiative, consisting of a distributed database 

network of 18 health systems.1 While the Sentinel Initiative has been successful in 

performing analyses to investigate drug safety, a real‐time system that proactively monitors 

all approved drugs and devices has not been developed, but remains an aspiration.2,3

Surveillance methods that mirror automated systems have been developed for medical 

device surveillance that leverage medical product registry data,4–8 and FDA recently 

supported planning of the National Evaluation System for health Technology9 and proposed 

development of the National Medical Evidence Generation Collaborative.10 Key questions 

remain as to the potential effectiveness of a real‐time active surveillance system to detect 

safety differences among medical products. An effective system would provide timely 

access to data on medical product utilization and patient outcomes but would also need to 

capture sufficient medical product utilization to allow accurate comparisons between 

devices. Recently published analyses demonstrated that the Sentinel Initiative will have 

limited ability to detect large safety differences among drugs with background adverse event 

rates of 1/1000 person‐ years or lower, predominantly because of insufficient product 
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utilization.11 The sample size estimates needed for postmarket surveillance initiatives to 

detect safety differences between medical devices, which are generally used less often than 

drugs, have not been characterized.

To better understand the expectations and limitations of a real‐time active surveillance 

system for postmarket medical device surveillance, we estimated the utilization needed to 

detect safety differences among implantable cardioverter defibrillators (ICDs) and compared 

these estimates to actual utilization in the United States from 2006 through 2010. 

Implantable cardioverter defibrillators offer a particularly relevant case study for this project. 

First, they represent a complex treatment requiring permanent implantation. Second, their 

use is relatively common12 in comparison to other implantable medical devices, as they are 

recommended for patients with heart failure and severe left ventricular systolic dysfunction, 

as well as for those who have sustained prior ventricular arrhythmias or cardiac arrest, to 

reduce mortality risk associated with these conditions.13 Finally, ICD failures are clinically 

important, as the risk of device failure includes death and device replacement involves 

significant risks and high costs. We conducted repeated sample size estimates to calculate 

the ICD utilization that would be required to detect various magnitudes of safety differences 

among device models. We then compared the sample size estimate to the actual medical 

device utilization from the American College of Cardiology’s National Cardiovascular Data 

Registry (NCDR) of ICDs, with the goal of informing expectations for ongoing and future 

medical device safety surveillance initiatives among regulators, manufacturers, and the 

public.

2 | METHODS

2.1 | Data source

To determine actual ICD utilization in practice, we used NCDR‐ICD data that include 

information on ICD implantations from January 1, 2006 through March 31, 2010 among all 

hospitals that perform the procedure in the United States, representing 100% of primary 

prevention implants reimbursed by Medicare, as well as approximately 80% of secondary 

prevention implants.14,15 These data include date for each ICD implant; ICD type implanted, 

including the ICD generator manufacturer and model, along with patient demographics and 

clinical comorbidities; the episode of care and procedure information; and postprocedure 

events and complications prior to discharge.14 NCDR‐ICD uses a multifaceted program to 

enhance data quality.15 The 2006 through 2010 years of data were used in part because they 

have been uniquely linked with Medicare fee‐for‐service claims data, offering longitudinal 

follow‐up that provides estimates of patient outcomes.

2.2 | ICD generator models

To ensure the accuracy of assigned ICD type, manufacturer, and model, for each ICD 

generator implanted during the study period, the device type (single‐chamber, dual‐chamber, 

and cardiac resynchronization therapy‐defibrillator) and listed manufacturer and model 

name and number within the NCDR‐ICD registry were reviewed and verified, as described 

in prior work.16 Once accuracy of the ICD type, manufacturer, and model were confirmed, a 

study ID for the model was generated and used to ensure that the study team was blinded to 
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the device manufacturer and model in accordance with our Data Use Agreement with the 

American College of Cardiology. Given our interest in medical device utilization needed to 

detect safety differences among device models, only models with at least 20 implantations 

were included in our study.

2.3 | ICD adverse event and complication rates

To establish average rates of adverse events and complications for ICDs, we used event rates 

published by Ranasinghe et al,17 who studied initial ICD implantations from the NCDR‐ICD 

registry linked with Medicare fee‐for‐service claims data. Over a median follow‐up of 2.7 

years, Ranasinghe et al observed 12.6 deaths per 100 person‐years of follow‐up. 

Furthermore, after accounting for risk for death, Ranasinghe et al observed 6.1 ICD‐related 

complications per 100 person‐years that required reoperation or hospitalization and 3.9 

reoperations per 100 person‐years for reasons other than complications. While Medicare 

beneficiaries may have higher rates of safety events than younger patients receiving ICDs, 

they represent nearly two‐thirds of patients undergoing ICD implantation whose data are 

included in the NCDR‐ICD registry.18 Furthermore, long‐term data on younger patients are 

not available and we tested a range of rates, examining 3 reasonably estimated, referent 

adverse event and complication rates to provide insights into the impact of the anticipated 

safety event rate on estimates of the ICD utilization needed to detect differences. For our 

analyses, these rates are less important than the use of reasonable referent rates.

2.4 | Statistical analysis

For our repeated sample size estimates, we calculated estimates of the sample number n of 

implanted individuals who would need to be followed for a 2‐year period to detect risk 

associated with receiving one specific ICD generator model relative to a contemporaneous 

control group of individuals receiving any of the other ICD models, censoring at the time of 

event. The 2‐year time period was used to conform with previously published estimates of 

ICD adverse event and complication rates.17 To estimate the medical device utilization 

needed to detect safety differences among ICD models, we set power to 80% (1 − β=0.80) 

and used a 2‐sided 5% significance level (α=0.05). We examined 3 rates of adverse events 

and complications for ICDs: 3.9, 6.1, and 12.6 events per 100 person‐years, as described 

above. We examined a range of safety difference magnitudes among device models, using 

rate ratios ranging from 0.50 (50% lower rates) to 2.0 (2‐fold higher rates).

Surveillance scenario parameters that we considered included the adverse event and 

complication rate and rate ratio, as described above (Table 1). Additionally, to better 

understand the impact of accepting higher chances of detecting false differences when the 

ICD model safety is identical on safety surveillance, we repeated all analyses using 2‐sided 

significance thresholds of 10% and 20% (α=0.10, 0.20).

Details of the estimated utilization needed to detect safety differences for a single ICD 

model are as follows. First, we assumed that all patients who receive the ICD model are 

prospectively matched 1:1 to a control group from all other individuals who underwent 

implantation of the same ICD type (single‐chamber, dual‐chamber, or cardiac 

resynchronization therapy‐defibrillator). Each individual is followed for a minimum of 2 
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years after receiving the implant, approximating the adverse event and complication rates 

characterized by Ranasinghe et al. We assumed that the number of adverse events in those 2 

years followed a Poisson distribution with rate γ1 for the treatment of interest and γ0 for the 

control. Moreover, we assumed that the Poisson distributions were independent. The total 

exposure times for treatment (the ICD model of interest) and control (all other ICDs 

implanted) groups are denoted t1 and t0, respectively. We assumed t1 = t0 = 2n years, where 

n is the sample size. The criterion corresponding to a test of the hypothesis H0 : γ0 = γ1 

against HA : γ0 ≠ γ1 based on Huffman’s asymptotic test is given by

γ0t0 = 1 + d

4d ρ − 1 2(Z1 − α/2 + Z1 − β)2

for event rate ratio ρ = γ1/γ0 and d = t1/t0.19 In our scenario d= 1. We chose to use 

Huffman’s asymptotic test, since in a Monte Carlo simulation study, it was found to achieve 

closest to nominal significance and power relative to other asymptotic tests.20

After estimating the number of ICD implantations needed, we visualized the relationship 

between the estimated and actual utilization in practice of each ICD model across different 

combinations of surveillance scenario parameters. First, we graphed a timeline of time to 

accrual of actual utilization needed to detect safety differences for all ICDs, marking both 

the date of the first implant and the date that the utilization threshold is reached. Second, we 

plotted a histogram of the time to accrual of actual utilization needed (in years) for all ICDs. 

Third, we plotted over time the number of individuals who were implanted with an ICD 

model that accrued sufficient actual utilization as of 2 years’ postdata availability.

A copy of our original study proposal is available in the appendix. Analyses were conducted 

in Python 3.5 (Python Software Foundation), and the code for this work is available at 

https://github.com/JonathanRBates/PostmarketSurveillance/tree/master/SampleSizeProject.

3 | RESULTS

From January 1, 2006 through March 31, 2010, 141 ICD models were implanted at least 20 

times, accounting for 523,529 total procedures (Figures 1 and 2). Among the 141 ICD 

models, the median number of implants was 1053 (IQR: 176–4132). We focus the following 

results on analyses for the traditional significance level of 0.05; those based on significance 

levels of 0.10 and 0.20 are provided in the Appendix Table 1.

Figure 3 illustrates the estimated utilization needed to detect safety differences among ICD 

models with respect to the rate ratio scenarios considered for each of the 3 adverse event and 

complication rates. Qualitatively, as expected, there is a vertical asymptote where the rate 

ratio is 1.0; between rate ratios of 1.0 and 1.25, approximately, the estimated utilization 

needed drops sharply; and for larger rate ratios, drops more moderately thereafter. Thus, to 

detect rate ratios near 1.0, the adverse event and complication rates strongly influence the 

estimated utilization needed. For larger rate ratios, the difference in estimated utilization 

needed is less pronounced across the adverse event and complication rates under 

consideration. Exact estimates of the utilization needed to detect safety differences among 

ICD models are provided in Table 2.
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We compared the estimated utilization required to detect safety differences to the actual ICD 

utilization observed for each ICD model within NCDR‐ICD data. Appendix Figure 1 

represents a timeline illustrating the date of the first observed model implant to the date 

when actual utilization surpassed the estimated utilization required to detect a safety 

difference, using a rate ratio of 1.25 for the magnitude of the safety difference among device 

models. This figure shows that the adverse event and complication rates significantly 

influence both the proportions of models for which actual utilization surpasses the estimated 

utilization required to detect a safety difference, while also demonstrating that many ICD 

models, even when assuming adverse event and complication rates of 12.6 events per 100 

person‐years, never reach sufficient utilization to detect safety differences. Furthermore, 

independent of the scenario parameters, the time between the first implant and accrual of 

sufficient utilization to discern safety differences, which we henceforth refer to as the time to 
sufficient utilization, varies greatly across models.

Figure 4 plots a histogram of the time to sufficient utilization for all ICDs, illustrating what 

number of ICD models reaches the estimated utilization required to detect safety differences 

for a range of adverse event and complication rates and safety rate ratios, in addition to the 

distribution of the time to accrue sufficient utilization. For rate ratios of 1.05, no more than 

1% of ICD models accrued sufficient utilization to detect safety differences, whereas for a 

rate ratio of 1.15 at the highest safety event rate of 12.6 per 100 person‐years, only 34% 

accrued sufficient utilization (Table 2). Even for a rate ratio of 1.25, the proportion of ICD 

models accruing sufficient utilization ranged between 30% and 50%, depending on the 

safety event rate. However, at a rate ratio of 1.5, between 52% and 67%, of ICD models 

accrued sufficient utilization, many of these within 2 years after the first implant. This is 

similarly true for rate ratios larger than 1.5.

Because actual ICD utilization is not equally distributed, of all individuals implanted with an 

ICD, the proportion who received an ICD model that reached the estimated utilization 

required to detect safety differences was consistently greater than our estimates. Figure 5 

plots the number of individuals who received ICD models that reached the estimated 

utilization required to detect safety differences, for a range of adverse event and 

complication rates and safety rate ratios, after 2 years. For a rate ratio of 1.05, only a small 

fraction of patients, at most 21% at the highest safety event rate, received an ICD that 

accrued sufficient utilization to detect safety differences (Table 2). However, for a rate ratio 

of 1.15, between 32% and 70% of patients received ICD models that accrued sufficient 

utilization, depending on the safety event rate, and for rate ratios of 1.25 and higher, the 

percentage of patients exceeds 67% and approaches 93%.

4 | DISCUSSION

Using ICDs as a case study to better understand the expectations and limitations of a real‐
time active postmarket safety surveillance system, we demonstrate that smaller safety 

differences between ICD generator models, including differences of 15% or less, would 

likely remain undetected for most ICDs because of insufficient medical device utilization to 

support reliable comparisons, even among otherwise optimistic assumptions with respect to 

patient follow‐up. However, we also demonstrate that because some devices are used far 
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more frequently than others, medical device utilization is sufficient to detect larger safety 

differences, including differences of 25% or greater, for approximately half or more of 

patients receiving ICDs at what are likely to be reasonably anticipated safety event rates. 

Thus, even for a high‐risk device used as routinely as an ICD, our estimates demonstrate that 

only the most commonly used medical device models are likely to accrue sufficient 

utilization to detect real‐world safety difference should a postmarket surveillance system be 

established.

An automated and real‐time active adverse event surveillance system that relies on statistical 

tests alone is substantially influenced by population utilization rates and the magnitude of 

the safety performance difference. While our estimates evaluated several parameters, 

including adverse event and complication rate, significance level, and the rate ratio, we 

found that, qualitatively, the most influential parameter was the rate ratio for the range of 

safety event rates considered. For instance, no matter whether the safety event rate was 3.9 

or 12.6 events per 100 person‐years, performance differences among most models would not 

be expected to be detected if the safety difference among models was less than 25%. Even 

then, for a rate ratio of 1.25, we would expect that at least 3 years of consistent use would 

need to occur before a performance difference could be detected for most models. Detecting 

differences of 15% increased risk or less among most ICD models with a power of 80% is 

practically infeasible.

Our study suggests that given actual rates of ICD utilization observed in practice within the 

NCDR‐ICD, a real‐time active postmarket safety surveillance system would be able to 

detect safety differences among ICD models for approximately 90% or more patients 

receiving ICDs if the safety difference among models was 50% or greater or if the safety 

event rate exceeded 6 per 100 person‐years. However, while detecting modest safety 

differences for any medical device may be difficult, if not impossible, such differences in 

safety may be acceptable to patients, the clinical community, regulators, and manufacturers. 

These determinations may depend upon the relative benefit of the device; the severity of the 

medical device safety risk; disease prevalence and severity for which the device is used; its 

anticipated length of use, including whether it is implanted for life‐time use; and the 

availability of other therapeutic options. If small differences in risk are considered 

acceptable, medical device model selection can be made based on patient and physician 

preference, known benefits, costs, or other criteria.

The more challenging issue to consider is how to design ongoing and future medical device 

safety surveillance initiatives to ensure that routinely collected data can be used to reliably 

identify medical device utilization and monitor safety over time while collecting feedback to 

promote future device iterations and innovation. At the time of approval of high‐risk medical 

devices, approximately 300 patients on average are exposed to the device during clinical trial 

evaluation,21 fewer for moderate‐risk devices. Thus, to ensure that a sufficient number of 

patients can be observed to detect safety differences, manufacturers and regulators will need 

to take advantage of larger, real‐world data sources, such as those being proposed for the 

National Evaluation System for health Technology.9 Similarly, the FDA recently supported 

the launch of the National Medical Evidence Generation (EvGen) Collaborative,10 bringing 

together efforts such as National Evaluation System for health Technology, the Sentinel 
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Initiative, and the National Patient‐Centered Clinical Research Network (PCORnet, created 

by the Patient‐Centered Outcomes Research Institute).22 However, the utility of data from 

many of these efforts for medical device safety surveillance will be dependent upon the 

incorporation of the Unique Device Identifier into electronic medical record and 

administrative claims data.23,24 The EvGen Collaborative has great potential for promoting 

the generation of high‐quality scientific evidence to support the best choices for individual 

patients and populations, including gathering reliably collected data from real‐world settings 

for rigorous analysis to monitor medical device safety after approval.25 An infrastructure 

that aggregates data from the United States and international health systems may also be 

needed.26

There are several limitations to our study. First, while this case study is intended to offer 

insights into the expectations and limitations of real‐time active postmarket medical device 

surveillance, our focus on ICDs may not be generalizable to other medical products, 

including pharmaceuticals that are used much more commonly or to many other high‐risk 

medical devices that are used far less commonly and for which safety‐related risk 

predominantly occurs within the first 24 to 48 hours after use, as opposed to gradually over 

time as with ICDs. Second, for our analyses, we considered 2 safety event rates that 

accounted for risk of death, but otherwise assumed 100% patient follow‐up. Thus, our 

estimates may over‐count the number of individuals who received an ICD model for which 

sufficient utilization accrued, as we expect real‐world follow‐up may be less than 2 years for 

many patients, as they change insurance plans or move, lessening observed exposures. 

Related to this point, our estimates do not take unequal loss to follow‐up among compared 

devices into account; if we assume more loss to follow‐up among patients who received the 

device of interest, then the sample size estimate would increase; conversely, if we assume 

less loss to follow‐up, then the sample size estimate would decrease. Third, the adverse 

event and complication rates used were derived from a population of Medicare beneficiaries, 

who are 65 years and older and may be more likely to experience deaths than a younger 

population of patients receiving ICDs. However, other adverse event and complication rates 

may not be substantially different. Nevertheless, as noted earlier, for our analyses, these rates 

are less important than the use of reasonable referent rates to provide insights into the impact 

of the anticipated safety event rate on estimates of the ICD utilization needed to detect 

differences.

Fourth, for our analyses, we assumed that there was always a sufficient number of control 

patients receiving other ICD models to match. For ICDs, this is a reasonable assumption, 

though still likely optimistic, given the large number of available models. However, for other 

medical devices, this assumption may be less reasonable, leading to an insufficient pool of 

controls and greater difficulty in conducting medical device surveillance using existing data 

sources. We also assumed that all ICD models were independent in their characteristics, 

safety, and efficacy, although it might be possible that certain models would have similar 

risk profiles. For instance, manufacturers may use similar parts or manufacturing processes 

for multiple marketed models, as was the case involving a Class I recall of St. Jude 

manufactured ICDs.27 In such a case, grouping similar models will lead to greater sample 

sizes and sufficient levels of evidence. Fifth, assessments of ICD safety were always a 

comparison of one generator model to the average of all other models, as we assumed that it 
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would not be known a priori which ICD was more likely to be associated with greater risk. 

However, this approach, while realistic, biases the average toward the null, as the average 

may represent many higher‐risk medical devices. Sixth, we used 2‐sided statistical tests, a 

conservative approach for safety surveillance, when 1‐sided tests might be used. However, 

since it is unlikely to know a priori which devices might be identified as either safer or 

riskier, a 2‐sided test was thought to be more appropriate to assess differences in either 

direction. Finally, using cross‐sectional observational data poses challenges, both with 

respect to establishing the “beginning” and “end” of the study period, since a real‐time 

active postmarket safety surveillance system would have neither a beginning nor an end.

In conclusion, our case study of ICD postmarket safety surveillance suggests that smaller 

safety differences of 15% or less in the first 2 years after implantation will not be detected 

for most ICDs given current rates of utilization, but that safety differences of 25% or more 

could be detected for the majority of patients receiving ICDs at anticipated safety event 

rates. While postmarket surveillance is unlikely to be perfect in its detection of safety risks, 

large differences in medical devices can reasonably be detected, at least for the most 

commonly used medical device models, provided adequate data are available that includes 

information on medical device models and relevant short‐term and long‐term information on 

adverse events and complications. Our findings should inform the expectations and 

limitations of real‐time active postmarket safety surveillance systems.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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KEY POINTS

• Questions remain as to the potential effectiveness of a real‐time active 

surveillance system to detect safety differences among medical devices.

• Any system is substantially influenced by population utilization rates and the 

magnitude of the safety performance difference.

• Using implantable cardioverter defibrillators (ICDs) as an illustrative 

example, we characterized the sample size estimates needed to detect safety 

differences for postmarket surveillance initiatives.

• Smaller safety differences among ICDs are unlikely to be detected through 

routine postmarket surveillance, whereas larger safety differences would be 

detected for most patients receiving ICDs at anticipated adverse event rates.

• Only the most commonly used ICDs are likely to accrue sufficient utilization 

to detect real‐world safety differences.
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FIGURE 1. 
Overall utilization of implantable cardioverter defibrillators observed within the National 

Cardiovascular Data Registry, January 1, 2006 through March 31, 2010
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FIGURE 2. 
Utilization of each implantable cardioverter defibrillator model observed within the National 

Cardiovascular Data Registry, January 1, 2006 through March 31, 2010 (n = 141 unique 

models)
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FIGURE 3. 
Sample size requirements needed to detect safety performance differences among 

implantable cardioverter defibrillators at varying rate ratios at 80% power for the following 

adverse event and complication rates: 3.9 (solid blue), 6.1 (dashed green), and 12.6 (dotted 

orange) events per 100 person‐years [Colour figure can be viewed at 

wileyonlinelibrary.com]
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FIGURE 4. 
Histograms of time to sufficient accrued utilization in years to detect safety differences for 

implantable cardioverter defibrillators across adverse event and complication rates of 3.9, 

6.1, and 12.6 events per 100 person‐years and rate ratios of 1.05, 1.15, 1.25, 1.50, and 2.00 

for significance level α=0.05 [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 5. 
Number of patients receiving any implantable cardioverter defibrillator who received a 

model that accrued sufficient utilization 2 years post‐first implantation to detect safety 

differences for adverse event and complication rates of 3.9, 6.1, and 12.6 events per 100 

person‐years and rate ratios of 1.05, 1.15, 1.25, 1.50, and 2.00 at significance level α=0.05
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TABLE 1

Sample size parameters used

Parameter Values Considered

Adverse event and complication rate γ0 3.9, 6.1, 12.6 events per 100 person‐years

Significance α 0.05, 0.10, 0.20

Rate ratio ρ = γ1/γ0 1.05, 1.15, 1.25, 1.5, 2

Power 1 - β 0.80

Per-person exposure time t0 in years 2
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