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An important concern in cancer screening is overdiagnosis, the
detection of cancer that would not have become clinically evi-
dent over the patient’s lifespan in the absence of screening.
Ripping et al. (1) provide a useful overview of strengths and
many key limitations of various approaches to quantifying
overdiagnosis. We complement their disquisition with addi-
tional considerations.

Lead time is the time from detection on screening to the
time when the cancer would surface clinically in the absence of
screening. With a good estimate for the distribution of lead
times, one can use simulation to estimate the fraction of per-
sons detected with cancer on screening who are overdiagnosed
(2). For each screen-detected cancer, the simulation generates
the time of clinical detection in the absence of screening based
on the lead time distribution and a time to death from other
causes. The cancer is overdiagnosed if the former time is
smaller than the latter. The resulting estimate of overdiagnosis
fraction is sensitive to the choice of lead time distribution.

The challenge with this estimation of the overdiagnosis frac-
tion is obtaining a good estimate of the distribution of lead
times. To appreciate the challenge, note that preclinical cancers
in a population are a mixture of progressive cancers (that would
become clinical in the absence of screening) and nonprogressive
cancers (that would never become clinical). The estimated lead
time distribution is derived from the estimated distribution of
time with progressive cancer, which, in turn, is estimated from
the distribution of the duration of preclinical cancer, which also
ideally includes the probability of nonprogressive cancer. It is a
mathematical theorem that the commonly employed exponen-
tial distribution for the lead time is identical to the exponential
distribution for the time with progressive cancer. However, a
strong assumption is typically made that there is no nonpro-
gressive cancer so that the distribution of the duration of pre-
clinical cancer used to estimate the mean lead time is also
exponential—an assumption that risks a substantially biased
estimate of the overdiagnosis fraction (3–5). With a more realis-
tic distribution of the duration of preclinical cancer, it is statisti-
cally difficult, and likely impossible in many cases, to separate

the distribution of time to progressive cancer from the probabil-
ity of nonprogressive cancer so as to obtain a reliable estimate
of the overdiagnosis fraction.

In a stop-screen randomized trial, one randomization group
receives no screening and the other randomization group re-
ceives periodic screening until the start of a follow-up period.
As noted by Ripping et al. (1), the preferred method for estimat-
ing the number of persons overdiagnosed in a stop-screen trial
is the excess cumulative incidence, the difference in the cumu-
lative incidences of cancer between randomization groups.
Unbiased estimation requires that the length of follow-up ex-
ceed the longest lead time (1,6,7). However, because the lead
time distribution is difficult to estimate, it is difficult to deter-
mine the bias associated with estimating the overdiagnosis
fraction at a particular follow-up time.

Another commonly used method to estimate the overdiag-
nosis fraction is the difference between the annual incidence of
cancer in a population receiving screening and the estimated
annual incidence if, counterfactually, the population screened
were not screened. For the latter quantity, Ripping et al. (1) dis-
cuss important limitations of the following estimates: annual
incidence based on extrapolating a prescreening trend, annual
contemporaneous incidence in an unscreened geographic re-
gion, and annual contemporaneous incidence among persons
who did not accept the screening invitation. Another potentially
useful estimate is the annual incidence of late-stage cancer that
is presumably minimally affected by screening.

A limitation with this method is lead time bias. The annual
incidence in the population receiving yearly screening involves
the sum of clinical cancers in the interval before the screen,
overdiagnosed cancers, and progressive cancers detected on
screening, which has moved the detection time forward by the
lead time. The annual incidence if the screened population
were not screened involves the sum of the following: clinical
cancers that became screen-detectable in the interval and clini-
cal cancers that would have been detected on hypothetical pre-
vious screening and whose lead time would have led to clinical
incidence in the interval. A rigorous adjustment requires a good
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estimate of the distribution of lead times, which, as discussed
previously, is difficult to obtain.

Apart from noting the challenges to bias, Ripping et al. (1)
call for a uniform definition of overdiagnosis fraction: one in
which the denominator is screen-detected plus interval cancers.
However, different estimates of overdiagnosis are useful in dif-
ferent contexts. All have as a numerator the number of over-
diagnosed cancers. For an easy to understand metric of the
fraction of screen-detected cancers that are overdiagnosed, the
denominator would be screen-detected cancers. For the patient
or policy-maker who wants to know the probability of overdiag-
nosis in a screening program, the denominator would be the
number of persons entering the screening program. A challenge
to estimating this latter overdiagnosis fraction in a randomized
trial is noncompliance. When noncompliance is all-or-none
(such as refusing screening), a simple adjustment is possible
under plausible assumptions (9,11).

Apart from bias from a misspecified lead time distribution
and the differences in the definition of the overdiagnosis frac-
tion, a third explanation for the wide range of estimates of the
overdiagnosis fraction in the literature is random variability.
Variability arises in estimates of the lead time distribution and
in estimates of excess cumulative incidence, and it is seldom
formally addressed.

To quote William Bruce Cameron (12), “Not everything that
counts can be counted. . .” Overdiagnosis is a good example of
an event that is not directly observable yet is important to as-
sess, even if a “precise count” is difficult to achieve. Because
overdiagnosis is not observable, statistical methods and as-
sumptions regarding the lead time distribution are needed to
estimate the overdiagnosis fraction. Unfortunately, the esti-
mates can be sensitive to these assumptions. Realistically, the
best that can be hoped for is an order of magnitude quantitation
about whether the amount of overdiagnosis is large or small
(13). We recommend a clear definition of the type of overdiag-
nosis fraction estimated and the setting where it would be
useful, a detailed discussion of the assumptions underlying

estimation, and a report of confidence intervals whenever sam-
pling is involved.
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