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We used a censoring-bias adjusted discrete survival model for cumulative false-

positive probability that allows for variation in false-positive risk as a function of 

covariates, screening round number, and round at which a subject was censored.  The 

general structure of this approach is to first use logistic regression to estimate covariate 

effects associated with risk of a first false-positive test result using data from individual 

screening rounds. These point estimates are then used to generate fitted values from the 

model which estimate the probability of a false-positive test for each screening round, 

conditional on a specific covariate profile. Finally, estimates from individual rounds are 

aggregated to the person-level to obtain the probability of receiving at least one false-

positive test result over the course of 10 years of screening. 

More specifically, let Yi be a binary indicator of the outcome of the ith screening 

exam, which takes the value 1 if the test result is a false-positive and 0 otherwise.  

Further, let Yi = (Y1, … , Yi) be the vector of all screening test outcomes up to time i, W 

represent the number of the screening round at which the first false-positive test result 

occurs, and S represent the total number of screening rounds a participant is observed to 

participate in with S taking a maximum value of M. We define θjk to be the conditional 

probability of a first false-positive test result at the kth screening round for a participant 

observed for j total rounds, P(Yk = 1|Yk-1 = 0, S = j). At an individual screening round, we 

used a logistic regression model of the form 

log
θ jk (X jk )

1−θ jk (X jk )
= α jk + βX jk

, 



where Xjk is a vector of possibly time-varying covariates and αjk is the covariate-adjusted 

log-odds of a false-positive result at the kth screening round for subjects with j observed 

screening rounds. By conditioning on the history of previous screening test results, the 

survival model structure inherently accounts for within-person correlation (1). 

The probability of a first false-positive at each screening round can be regarded as 

the hazard in a discrete time survival model.  Using the above model, the discrete 

hazards, θjk, can be estimated for all screening rounds and censoring times where k ≤ j. 

We use the censoring bias approach of Hubbard et al. (2) to account for cases where k > j. 

We then marginalize over the distribution of censoring times to obtain an estimate of the 

false-positive probability at each round that would result from full participation by all 

subjects in that screening round. The marginalized discrete hazards can then be 

aggregated to give the cumulative incidence of a false-positive, which is equivalent to the 

cumulative probability of a false-positive test result, 

P(W ≤ k) = P(S = l)P(W ≤ k | S = l) =
l=1

M

 P(S = l) θli (1−θlj )
j=1

i−1

∏
i=1

k
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M

 . 

A bootstrap procedure was used to construct confidence intervals for cumulative 

false-positive risks. In the bootstrap, data are repeatedly sampled with replacement from 

the study sample. For each bootstrap sample, the above described estimation process is 

carried out and the resultant parameter estimate is retained. We repeated this process 

1,000 times producing 1,000 estimates of the cumulative false-positive risk. The 

distribution of these estimates approximates the sampling distribution of the cumulative 

false-positive risk. We estimated 95% confidence interval limits based on the 2.5th and 

97.5th percentiles of the empirical bootstrap distribution (3).  
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