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Abstract

Background: Pragmatic clinical trials often use automated data sources such as electronic health 

records, claims, or registries to identify eligible individuals and collect outcome information. A 

specific advantage that this automated data collection often yields is having data on potential 

participants when design decisions are being made. We outline how this data can be used to inform 

trial design.

Methods: Our work is motivated by a pragmatic clinical trial evaluating the impact of suicide-

prevention outreach interventions on fatal and non-fatal suicide attempts in the 18 months after 

randomization. We illustrate our recommended approaches for designing pragmatic clinical trials 

using historical data from the health systems participating in this study. Specifically, we illustrate 

how electronic health record data can be used to inform the selection of trial eligibility 

requirements, to estimate the distribution of participant characteristics over the course of the trial, 

and to conduct power and sample size calculations.

Results: Data from 122,873 people with patient health questionnaire (PHQ) recorded in their 

electronic health records between July 1, 2010 and March 31, 2012, were used to show that the 

suicide attempt rate in the 18 months following completion of the questionnaire varies by response 

to item nine of the PHQ. We estimated that the proportion of individuals with a prior recorded 

elevated PHQ (i.e. history of suicidal ideation) would decrease from approximately 50% at the 

beginning of a trial to about 5% 50 weeks later. Using electronic health record data, we conducted 

simulations to estimate the power to detect a 25% reduction in suicide attempts. Simulation-based 

power calculations estimated that randomizing 8,000 participants per randomization arm would 

allow 90% power to detect a 25% reduction in the suicide attempt rate in the intervention arm 

compared to usual care at an alpha rate of 0.05.

Conclusions: Historical data can be used to inform the design of pragmatic clinical trials; a 

strength of trials that use automated data collection for randomizing participants and assessing 

outcomes. In particular, realistic sample size calculations can be conducted using real-world data 

from the health systems in which the trial will be conducted. Data-informed trial design should 

yield more realistic estimates of statistical power and maximize efficiency of trial recruitment.
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Introduction

Pragmatic randomized trials have been proposed to address policy and healthcare questions 

in real-world settings. Leveraging technology advancements, pragmatic trials often use 

automated data sources such as often electronic health records, claims, or registries, to 

identify eligible individuals (or individuals within clusters for cluster-randomized trials) and 

assess outcomes without ever contacting participants.1–4 This makes enrolling a large, broad 

population feasible. Expenses associated with recruitment and data collection restrict how 

many individuals can feasibly be enrolled in a randomized clinical trial (RCT). Small sample 

sizes limit power to detect treatment effects; thus, investigators often restrict study eligibility 

criteria to target populations expected to have large treatment benefits. This approach does 

not allow assessment of treatment effects across diverse populations nor treatment 

effectiveness if delivered in a real healthcare setting. Additionally, high participant burden 

associated with eligibility screening and data collection is one reason potential participants 

may refuse participation and it may lead to missing information among participants. 

Addressing patient burden can increase generalizability of study results and decrease bias 

associated with missing data. Reducing patient burden (e.g. to assess eligibility or outcomes) 

is a key component that can set pragmatic trials apart from traditional RCTs designed to 

assess efficacy.1 Pragmatic RCTs are becoming more viable as the number of research 

networks increases (e.g. Federal Drug Administration’s Sentinel Initiative,5 Health Care 

Systems Research Network,6–8 National Institutes of Health’s Mental Health Research 

Network,9 Patient Centered Outcomes Research Network,10 NorthWest EHealth,11 NHS 

National Institute for Health Research).12

Many advantages of using clinical data to facilitate pragmatic trial implementation, 

including automated assessment and standardized recording of clinical assessments, have 

been described elsewhere along with other design considerations.13 Here we focus on a 

specific advantage of pragmatic RCTs conducted within health systems: the availability of 

clinical data on potential participants prior to trial design. We propose approaches that use 

real-world data to inform trial design; specifically, for determining eligibility criteria, 

assessing how patient characteristics may change over the course of trial enrollment, and 

estimating necessary sample size. Our work is motivated by a pragmatic RCT designed to 

evaluate the impact of suicide-prevention outreach interventions on suicide attempts funded 

by the NIH Common Fund Health Care Systems Research Collaboratory and National 

Institute for Mental Health. This suicide prevention trial is used as an illustrative example; 

these approaches are applicable to all trials embedded in healthcare systems. We provide 

relevant background on this suicide prevention trial, before describing and illustrating our 

approaches to trial design.
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Methods

Suicide prevention outreach trial – background and available data sources

Suicide is the tenth leading cause of death in the United States. Effective suicide prevention 

interventions exist but are often resource intensive and effectiveness of implementing these 

interventions at a health system level is unknown. The suicide prevention outreach trial 

(SPOT) was designed to compare the effectiveness of two low-intensity outreach 

interventions to usual care on suicide attempt rate, fatal and non-fatal, in the 18 months post 

randomization. One intervention focused on maintaining engagement in mental health care; 

the second focused on improving self-management of suicidal ideation and behavior using 

Dialectical Behavior Therapy skills.14 Both interventions were delivered primarily online 

using the health systems’ electronic patient portal – allowing large-scale delivery at low cost. 

While SPOT is a three-armed RCT, we consider two-armed trials – one active intervention 

compared to usual care. The extension to three or more group comparisons is 

straightforward.

Clinical data available for designing SPOT included the nine-item Patient Health 

Questionnaire (PHQ), a measure of depressive symptom severity. PHQ item nine asks how 

often in the last two weeks an individual has “Thought that you would be better off dead, or 

of hurting yourself in some way?” Response options are: not at all, some of the days, most 

of the days, and nearly every day and are coded: 0 (not at all), 1, 2, 3 (nearly every day). It 

has been shown PHQ item nine is associated with suicide attempt risk in the following 2 

years.15,16 Individuals who respond with 0 to item nine are at the lowest risk. Individuals 

who respond with 3 are at the highest risk; the number of patients who respond with 3 is 

relatively small.

In addition to longitudinal PHQ data, information is available on suicide attempts from 

multiple sources. For care delivered within the health system, suicide attempt information is 

available in the electronic health record. For care delivered at an external health system this 

information is captured through claims because all participating sites are integrated health 

systems, providing both care and insurance coverage. Fatal suicide attempts are ascertained 

using state mortality records, which are available for all individuals residing in the state at 

the time of their death. When an individual disenrolls from their health plan, we cannot be 

certain a suicide attempt would be recorded in our data base, therefore they are censored. 

Each SPOT health system updates member enrollment files regularly, making censoring 

individuals straightforward to implement.

The SPOT study identified eligible individuals using PHQ item nine responses and used a 

modified Zelen randomization design.17 In this design, all patients who meet eligibility 

criteria are randomized to an offer of an intervention or continued usual care. This design 

requires a waiver of consent for randomization and a modified consent process, in which 

individuals are approached by study interventionists and provide consent for participating in 

the intervention. Individuals randomized to usual care are not contacted, and individuals 

who do not consent to the intervention do not receive it and are no longer contacted (they 

remain assigned to their randomized intervention arm for analyses). This randomization 

procedure, i.e. through a waiver of consent, should only be conducted when outcome data is 
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collected through automated systems, thus available for all participants, including those 

randomized to usual care and who decline intervention participation. If it was necessary to 

contact participants for outcomes assessment, this randomization scheme would lead to 

biased outcome ascertainment. The primary comparison in SPOT is an intent-to-treat 

comparison of all individuals randomized to usual care to all individuals randomized to an 

offer of an intervention, regardless of how much of the intervention (if any) they were 

exposed. The SPOT study design and all procedures were reviewed and approved by 

Institutional Review Boards of all health systems involved.

Leveraging real-word data to design pragmatic clinical trials

Electronic health records data, and other automated data sources, provide an opportunity to 

use historical information to emulate hypothetical clinical trials; we illustrate this approach 

here. We used data from HealthPartners, Kaiser Permanente Colorado, and Kaiser 

Permanente Washington (formerly Group Health Cooperative) members who had a PHQ 

response recorded in their electronic health record between January 1, 2007 and September 

30, 2013. For inclusion in hypothetical trials, we considered PHQ item nine responses 

recorded between January 1, 2010, when routine PHQ use was in effect at all health systems, 

and March 31, 2012 to ensure 18 months of historical follow-up.

To emulate a hypothetical trial, we followed each person in our database forward from 

January 1, 2010 until they met eligibility criteria, then assessed outcomes in the 18 months 

following. An individual could only enter a hypothetical trial once. If they met eligibility 

criteria multiple times after January 1, 2010, we assessed outcomes in the 18 months 

following the earliest date. If an individual never met eligibility criteria they were never 

“enrolled”.

Identifying trial populations and estimating event rates.—Determining study 

eligibility criteria can be a difficult task. Investigators must identify a population who could 

benefit from the intervention, but the eligible pool needs to be large enough to conduct the 

study. We estimated how many individuals might be eligible for hypothetical trials with 

different eligibility criteria, and estimated 18-month suicide attempt risk in those individuals. 

We considered four eligibility criteria based on PHQ item nine response, patients who:

1. Reported thoughts of self-harm nearly every day (response of 3);

2. Reported thoughts of self-harm most of the days or nearly every day (response of 

2 or 3);

3. Endorsed suicidal ideation by responding positively (response of 1, 2 or 3);

4. Completed item nine during a clinical encounter regardless of their response 

(response of 0, 1, 2, or 3).

It is important to note patients may be assessed with the PHQ at several visits. An individual 

may have a PHQ item nine response of a 1 at one visit, and at a later visit a 3 could be 

recorded. Using historical information, we can evaluate not only who might be enrolled, but 

also when they would be enrolled. For example, the patient described above would be 

enrolled in all trials, but at different times depending on the criteria used. This timing may 
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be important, for statistical power and health care delivery; suicide attempt risk may not be 

the same after these different times.15, 16, 18 Determining when, within the symptom course, 

an individual should be enrolled is important for trials of interventions for non-acute 

conditions in which symptom severity fluctuates overtime.

We estimated the number of patients who met each of the four eligibility criteria, the suicide 

attempt rate in the 18 months following the first eligible visit using Kaplan-Meier curves,19 

and cumulative incidence rates. To assess potential site heterogeneity, we produced estimates 

for each site separately and combined across sites. The SPOT study randomized patients 

with a recorded PHQ item nine response of 2 or 3; thus, we use this eligibility criterion (i.e. 

criterion 2) throughout the remainder of the paper.

Examining how populations change over time.—We estimated how enrollment of 

specific subgroups might change over the course of trial enrollment. This is especially 

important if heterogeneity of treatment effects or differential event rates within subgroups 

are expected. For example, it is useful to estimate the proportion of individuals with 

previously recorded versus no prior recorded suicidal ideation. At the beginning of a trial, a 

large proportion of those randomized will have been living with depression and/or suicidal 

ideation for several months or years. As the trial continues, weekly enrollment rates will 

decline and the “prevalent” pool (i.e. individuals with prior recorded suicidal ideation) will 

become exhausted. In later months, eligible individuals are mostly comprised of patients 

without prior recorded suicidal ideation. This enrollment pattern will be observed regardless 

of how many sites are involved, but for a fixed sample size, more participating sites will lead 

to a larger proportion of prevalent patients in the final trial population. All RCTs will 

encounter declining enrollment rates and changing patient characteristics over the course of 

enrollment. In trials of interventions for non-acute conditions with evolving symptom 

severity, it is particularly important to evaluate how the proportion of prevalent individuals 

enrolled changes over time. We estimated changes in PHQ item nine response at 

randomization, PHQ item nine response prior to randomization, age, and race/ethnicity for 

each site separately and all sites combined. These characteristics are known to be related to 

suicide attempt risk.15

Examining censorship patterns.—A particularly novel consideration associated with 

pragmatic RCTs that assess outcome information using automated data sources is what it 

means for a participant to be “lost-to-follow-up.” Recall, in the SPOT study, outcomes are 

observed (i.e. suicide attempts) for individuals who are enrolled in participating health 

systems. Once an individual disenrolls, they are censored as we no longer observe their 

outcome. We examined censoring patterns (i.e. health system disenrollment patterns) in the 

18 months following hypothetical randomization and if PHQ item nine response at 

randomization, prior PHQ item nine response, and age were associated with different 

censoring patterns using stratified Kaplan-Meier curves, for each site separately and all sites 

together.

Determining power and sample size.—We outline two approaches to incorporating 

real-world data into power and sample size calculations. The first approach uses available 

data to estimate quantities required for standard sample size or power calculations. We used 
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PASS version 1420 to calculate required sample size for 80% and 90% power to detect a 

25% decrease in the 18-month suicide attempt rate using estimated event and censorship 

rates.

The second approach uses a simulation study based on real-world data to estimate power 

under different scenarios. We used this approach to account for a changing eligible patient 

population (i.e. individuals with versus without prior recorded suicidal ideation) over time. 

We varied randomization arm size (intervention and control groups equal to 5000, 6000, 

7000, 8000, 9000, and 10000) and number of participating sites (1 to 4 sites). We simulated 

10,000 trials for each scenario using R version 3.4.121, by repeating steps 2 through 7.

1. We estimated the baseline hazards of, and covariate effects on, time to first 

suicide attempt using a Cox proportional hazards model22 including: PHQ item 

nine response at randomization (2 or 3), site (HealthPartners, Kaiser Permanente 

Colorado, Kaiser Permanente Washington), age (18 to 29 years, 30 to 64 years, 

65 years and older), sex (male, female), race/ethnicity (White non-Hispanic, non-

White or Hispanic), and provider type (mental health specialty vs. primary care 

or other specialty).

2. We used bootstrap resampling to generate simulated trials, randomly selecting 

patients with replacement from the full hypothetical trial dataset. Assuming each 

site accrued 50 patients per week, we calculated how many weeks would be 

needed to enroll the required sample. We assumed the proportion of individuals 

with previously recorded suicidal ideation (PHQ item 9 response 2 or 3) was 

60% in week one and decreased by one percent each week. At week 55 and 

thereafter, 5% of trial participants were assumed to have previously reported 

suicidal ideation.

3. Individuals were randomly allocated (50/50) into intervention and control 

groups.

4. We used baseline hazard and covariate coefficients estimated in Step 1 to 

calculate each person’s daily cumulative hazard based on covariate values and 

randomly assigned treatment group. The hazard ratio for the intervention group 

was 0.75 for all simulations. We used an inverse probability lookup approach 

based on the cumulative hazard for each patient to simulate individual event 

times.

5. Censoring times were generated using a “hot-deck” imputation approach.23 For 

each patient, we identified all patients who had the same covariate values and did 

not have an event. We randomly sampled a censoring time from among this 

group for that individual for each simulated trial. All events simulated to 

occurred after an individual’s censoring time were censored in the analysis.

6. For each simulated trial, we estimated two models: an unadjusted model and an 

adjusted model that controlled for all covariates used in Step 1.

7. Power was estimated by the proportion of simulated trials for which an 

intervention effect was statistically significant at the 0.05 level.
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Results

Between January 1, 2010 and March 31, 2012, there were 296,127 PHQ item nine responses 

recorded in the electronic health records of 122,873 patients with an average of 3.2 PHQs 

recorded per person (standard deviation=4.3; minimum=1; median=2.0, maximum=109). In 

the three years prior (i.e. between January 1, 2007 and December 31, 2009) 233,101 PHQs 

were recorded on 90,426 patients, which were used to identify individuals with a history of 

suicidal ideation. Across sites, the number of PHQ responses, members, and average number 

of PHQ responses per member varied. Health Partners: 30,279 responses from 95,800 

members (average of 3.3 per person), Kaiser Permanente Colorado: 28,420 responses from 

53,499 members (average 1.95), and Kaiser Permanente Washington: 64,174 responses from 

146,828 members (average 2.47). We present results combined across all sites, as enrollment 

patterns and suicide attempt and censorship rates were consistent across sites.

A trial requiring a PHQ item nine response of 3 between January 1, 2010 and March 31, 

2012 would have randomized 5,423 participants. A trial that required response of 2 or 3 (i.e. 

hypothetical SPOT study; criteria 2) would have randomized 6,970 additional patients, for 

total of 12,393. Requiring any positive score, would have randomized an additional 18,154 

for a total of 30,437 participants. A trial that included anyone who completed a PHQ would 

have randomized an additional 92,326 for a total of 122,873 participants.

Figure 1 presents Kaplan-Meier curves for time to first suicide attempt in the 18 months 

following randomization for hypothetical trials with the four eligibility criteria, which 

represent the survival curves we would expect in each trial’s usual care arm. The 18-month 

cumulative incidence was 0.033 (trial requiring response of 3), 0.026, 0.018, and 0.0078 

(PHQ completion). Randomizing individuals who responded with a 3 would result in the 

highest event rate, while enrolling all individuals who completed the PHQ, regardless of 

their score, would enroll more participants, but the event rate would be much lower.

Figure 2 presents Kaplan-Meier curves for individuals who would have met multiple trial 

eligibility criteria; these curves show timing matters. Suicidal ideation, as measured by the 

PHQ, is a time-varying characteristic; these plots indicate the suicide attempt rate may vary 

after different item nine responses. The cumulative incidence following a lower response on 

item nine appears smaller than following a higher response for the same individuals, but it is 

not as low as the plots show in Figure 1.

Figure 3 shows the changing characteristics of people randomized in the hypothetical SPOT. 

Figure 3b shows the proportion of individuals who have a prior recorded suicidal ideation is 

approximately 50% in the first weeks of the trial and decreases over time; about fifty weeks 

later the proportion is 5%.

Of the 12,178 patients eligible for the hypothetical SPOT study, 36.9% disenrolled from the 

health system before 18 months of follow-up would have expired. Figure 4 shows Kaplan-

Meier curves describing censorship patterns overall and within subgroups (PHQ item nine 

response at randomization, prior PHQ item nine response, and age).
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In the 18 months following a qualifying PHQ (i.e. the earliest recorded 2 or 3 after January 

1, 2010 and before March 21, 2012) 325 suicide attempts were observed. The average time 

from first eligible PHQ until health plan disenrollment was 14.8 months (SD=5.5 months); 

approximately 2% disenrolled each month. The estimated 18-month cumulative incidence 

was 0.033. Assuming a two-sided log-rank test, with a type-1 error rate of 0.05, a trial with 

4,798 patients per arm would have 80% power to detect a 25% reduction in the 18-month 

post-randomization suicide attempt rate in intervention compared to usual care. A sample of 

size 6,411 per arm would have 90% power.

Results of simulation-based power calculations, varying both the number of participants and 

number of participating sites, are shown in Table 1. As the number of participants 

randomized and sites involved varies, the proportion who have prior recorded suicidal 

ideation also varies. Keeping the sample size constant at 5,000 per arm, a trial conducted at 

one site would have 12.7% of participants with prior recorded suicidal ideation, while a trial 

conducted at three sites would have 28.1%. Holding the number of sites constant at three, 

the proportion of individuals with prior recorded suicidal ideation decreases from 28.1 % to 

16.5 % as the sample size increases from 5,000 per arm to 10,000. This simulation-based 

approach estimates 6,000 per arm should allow at least 80% power to detect a hazard ratio of 

0.75 and 8,000 per arm should allow at least 90% power.

Discussion

We have demonstrated how clinical and other automated data sources can be used to inform 

pragmatic trial design; specifically, to predict the composition of trial participants and to 

conduct power and samples size calculations. The SPOT study, a large, pragmatic RCT 

evaluating the impact of outreach interventions on suicide attempts was used as an 

illustrative example. We presented two approaches for data-informed power calculations. 

One used event and censorship rates estimated from real-world data and standard software 

for sample size calculations. The second used simulations to incorporate complexities like 

evolving patient populations over time. For example, participants randomized early on are 

more likely to have been struggling with illness for longer (i.e. prevalent cases), while later 

more participants have newly emerging symptoms (i.e. incident cases). This time-varying 

pattern in patient enrollment is common in all trials of interventions for non-acute 

conditions. The proportion of prevalent versus incident cases in the full trial population 

depends on the number randomized and the number of participating sites. In our example, 

while the proportion of individuals who had prior recorded suicidal ideation varied as the 

sample size and number of sites varied, the event rate was constant over these variations. 

The suicide attempt rate of individuals with and without prior recorded suicidal ideation was 

similar, thus this variation did not impact sample size estimates. In settings where the event 

rate is different, properly accounting for this variation will lead to differing sample size 

estimates.

Addressing the impact of site selection on trial design is a complex and important topic for 

consideration when conducting multi-sites studies. Site heterogeneity in all design decisions 

can and should be assessed. In the SPOT study, suicide attempt rates, enrollment patterns, 

and censorship patterns were consistent across all sites, but this is not often the case. 
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Assessing site heterogeneity and accounting for its potential impact on study design can 

have large implications. For example, if there were meaningful differences in outcome rates, 

it may be necessary to conduct site-stratified analyses and sample size calculations should 

reflect this stratified analysis.

Large, pragmatic clinical trials often randomized all eligible participants; thus, we expect 

results will generalize to future patients of participating health systems and other similar 

health systems. It is important to evaluate the generalizability of study results of trials that 

do not randomize all individuals or trials for which patients may opt out. Clinical data can be 

used to evaluate differences between trial participants and non-participants (e.g. those not 

randomized or who refused to participate).24 Previous authors have noted obtaining data to 

evaluate generalizability can be difficult;25 electronic health record data can be a great 

resource for this. We have previously demonstrated using clinical data to examine non-

response bias in a survey.26

Here we compared four eligibility criteria based solely on recorded PHQ item nine response; 

often more complex criteria are considered, including from multiple data sources, which 

may not be equally accessible. For example, an additional eligibility criterion in SPOT was 

recent use of the health system’s secure message portal. For trial design, information on 

secure message use was not able to be linked to recorded PHQ response. Summary 

information about secure message use across all health system members at each site was 

used to plan trial implementation. Future work should consider how to best incorporate both 

individual-level and aggregate data in trial design. Researchers conducting trials embedded 

in health systems can access historical clinical data as part of prep-to-research activities. 

This is not always the case; privacy concerns can limit data availability. To share individual-

level data researchers must de-identify data to comply with Health Insurance Portability and 

Accountability Act regulations.27 If the data contain any direct identifiers or if re-

identification risk is deemed unacceptable, data use agreements can be put in place.

Increased use of electronic health record systems in practice has increased the availability of 

clinical data for research purposes. We have demonstrated the use of this data to improve 

pragmatic RCT design. This work relies on the assumption that history will be a good 

predictor of the future. If temporal changes occur within the health systems or the 

populations they serve, then this assumption may not be valid. An additional limitation of 

these databases, is they are “living”; codes can be corrected or removed, altering the data 

from pull to pull.28 Data from external sources can also be delayed. For example, billing 

codes can be delayed by late billing and adjudications.

There are many decisions that go into trial design. The more informed by real-world data 

these decisions are, the more realistic we will be in planning and determining the limitations 

of trials to detect desired effects. In the SPOT study, use of clinical and administrative data 

to accurately model recruitment and outcome event rates led to a significant increase in 

estimates of necessary sample size and time necessary to recruit an adequate sample. While 

this news may be unwelcome, more informed decisions in the design phase avoid 

subsequent disappointments regarding actual recruitment rate and precision or statistical 

power.
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Figure 1. 
Kaplan-Meier curves for days until first suicide attempt following response to item nine on 

the patient health questionnaire (PHQ) for four different trial eligibility criterions. Note, the 

scale on the y-axis (survival probabilities) has been limited to more readily make 

comparison between survival curves.
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Figure 2. 
Kaplan-Meier curves after PHQ item nine responses. (a) Kaplan-Meier curves for 

individuals who report a 3 on item nine of the PHQ, who previously reported a 2. The 

Kaplan-Meier curve for the 18 months following the reported 3 is shown with a solid line, 

while the Kaplan-Meier curve for the 18 months following the reported 2 is shown with a 

dotted line. (b) Kaplan-Meier curves for individuals who report a 3 on item nine of the PHQ 

and who previously reported a 1 or 2. The Kaplan-Meier curve for the 18 months following 

the reported 3 is shown with a solid line, while the Kaplan-Meier curve for the 18 months 

following the reported 1 or 2 is shown with a dotted line. (c) Kaplan-Meier curves for 

individuals who report a 3 on item nine of the PHQ and who previously reported a 0, 1, or 2. 

The Kaplan-Meier curve for the 18 months following the reported 3 is shown with a solid 

line, while the Kaplan-Meier curve for the 18 months following the reported 0, 1, or 2 is 

shown with a dotted line. (d) Kaplan-Meier curves for individuals who report a 2 or a 3 on 

item nine of the PHQ and who previously reported a 1. The Kaplan-Meier curve for the 18 

months following the reported 2 or 3 is shown with a solid line, while the Kaplan-Meier 

curve for the 18 months following the reported 1 is shown with a dotted line. (e) Kaplan-

Meier curves for individuals who report a 2 or a 3 on item nine of the PHQ and who 

previously reported a 0 or 1. The Kaplan-Meier curve for the 18 months following the 

reported 2 or 3 is shown with a solid line, while the Kaplan-Meier curve for the 18 months 

following the reported 0 or 1 is shown with a dotted line.
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Figure 3. 
Changes in subpopulation over the course of a hypothetical trial randomizing individuals 

who have a PHQ item nine response of a 2 or 3 recorded in their electronic health record 

between January 1 2010 and March 31 2012. (a) The proportion of individuals who are 

eligible for the trial each week because they responded with a 2 versus with a 3 on item nine 

of the PHQ. (b) The proportion of individuals each week that have prior recorded PHQ item 

nine response of a 2 or a 3. (c) The weekly age distribution. (d) The weekly race/ethnicity 

distribution.
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Figure 4. 
Censorship patterns of individuals enrolled in a hypothetical trial randomizing patients after 

a response of a 2 or a 3 on the patient health questionnaire (PHQ). (a) Kaplan-Meier curve 

until disenrollment from the health plan (i.e. censorship). (b) Kaplan-Meier curve for 

censorship by response to item nine at randomization. (c) Kaplan-Meier curve for censorship 

by prior response on item nine of the PHQ. (d) Kaplan-Meier curve for censorship by age 

group.
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Table 1.

Results of simulations using clinical and administrative data to estimate the sample size needed to detect a 

25% reduction in the suicide attempt rate in the 18 months following randomization.

Number per arm Number of sites Percent with 
prior PHQ item 
9 response of 2 

or 3

Event rate, 
usual care 

arm

Event rate, 
intervention arm

Power, unadjusted Power, adjusted 
for covariates

5000 1 12.7 0.048 0.036 0.76 0.76

6000 1 11.4 0.048 0.036 0.83 0.83

7000 1 10.5 0.048 0.036 0.88 0.88

8000 1 9.8 0.048 0.036 0.91 0.91

9000 1 9.3 0.048 0.036 0.95 0.95

10000 1 8.9 0.048 0.036 0.96 0.96

5000 2 20.4 0.048 0.036 0.76 0.76

6000 2 17.8 0.048 0.036 0.83 0.83

7000 2 16.0 0.048 0.036 0.88 0.88

8000 2 14.6 0.048 0.036 0.93 0.92

9000 2 13.6 0.048 0.036 0.95 0.95

10000 2 12.7 0.048 0.036 0.96 0.97

5000 3 28.1 0.048 0.036 0.76 0.76

6000 3 24.5 0.048 0.036 0.83 0.83

7000 3 21.4 0.048 0.036 0.89 0.88

8000 3 19.4 0.048 0.036 0.93 0.93

9000 3 17.8 0.048 0.036 0.94 0.94

10000 3 16.5 0.048 0.036 0.97 0.97
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