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Abstract
Objective To quantify the magnitude of overdiagnosis from
non-progressive disease detected by screening mammography, after
adjustment for the potential for lead time bias, secular trend in the
underlying risk of breast cancer, and opportunistic screening.

Design Approximate bayesian computation analysis with a stochastic
simulation model designed to replicate standardised incidence rates of
breast cancer. The model components included the lifetime probability
of breast cancer, the natural course of breast cancer, and participation
in organised and opportunistic mammography screening.

Setting Isère, a French administrative region with nearly 1.2 million
inhabitants.

Participants All women living in Isère and aged 50-69 during 1991-2006.

Main outcome measures Overdiagnosis, defined as the proportion of
non-progressive cancers among all cases of invasive cancer and
carcinoma in situ detected 1991-2006.

Results In 1991-2006, overdiagnosis from non-progressive disease
accounted for 1.5% of all cases of invasive cancer (95% credibility
interval 0.3% to 2.9%) and 28.0% of all cases of carcinoma in situ (2.2%
to 59.8%) detected either clinically or by screening mammography in
Isère. When analysis was restricted to the cancers detected by screening
mammography only, the estimates of overdiagnosis were 3.3% (0.7%
to 6.5%) and 31.9% (2.9% to 62.3%) for invasive cancer and carcinomas
in situ, respectively.

ConclusionOverdiagnosis from the detection of non-progressive disease
by screening mammography was limited in 1991-2006 in Isère. Because
carcinoma in situ accounted for less than 15% of all incident breast
cancer cases, its contribution to overdiagnosis was relatively limited and
imprecise.

Introduction
The net benefit of cancer screening programmes reflects the
extent to which the benefits outweigh the harms.1 Although
controversial,2 3 evidence derived from randomised controlled
trials suggests that mammography screening reduces mortality
rates from breast cancer in women aged 50-70.4 5Mammography
screening, however, also exposes women to harm, including
false positive results, low dose radiation, and overdiagnosis.6 7

Overdiagnosis refers to the detection of histologically confirmed
invasive cancers or carcinoma in situ that would never have
clinically surfaced in the absence of screening.8 9Overdiagnosis
can result from either the detection of non-progressive cancers
or competing causes of death, such that a woman will die from
another cause before the cancer becomes symptomatic.9 10 There
is anecdotal evidence of non-progressive or even spontaneously
regressive breast cancers,11 12 though the underlying
physiopathological mechanism deserves further investigation.13 14
Because it is not possible to distinguish between progressive
and non-progressive cancers, clinicians treat all detected breast
cancers, making overtreatment inevitable.15 For the same reason,
overdiagnosis is mainly an epidemiological concept10 that
remains challenging to quantify.9

Ideally, overdiagnosis could be estimated by comparing the
cumulative incidence of breast cancers between screened and
unscreened women enrolled in a randomised controlled trial
with lifelong follow-up.15 16 An excess of cases in the screened
group would reflect the magnitude of overdiagnosis at the end
of follow-up. Published trials have yielded potentially flawed
estimates of overdiagnosis because of an inappropriate duration
of follow-up or provision of mammography screening to the
control group at the end of the intervention period.16Apart from
the controlled conditions of randomised trials, estimating
overdiagnosis associated with population based screening
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programmes relies on the comparison of the incidence rate after
implementation with that expected in the absence of screening,
which is often estimated from trends before screening.16 17 Yet
an increase in the incidence rate of breast cancer could reflect
overdiagnosis as well as a change in the background incidence
trend or lead time from early detection of both prevalent and
incident cancers.
Because of the inherent limitations of these approaches, various
innovative modelling and simulation techniques have been
developed for integrating relevant information from separate
sources to evaluate the potential benefits and harms of
mammography screening.18 19 Although few studies have been
based on bayesian updating for elucidating the relative
contribution of mammography screening to the decline in
mortality,20 21 none was primarily designed for estimating
overdiagnosis.
We quantified the magnitude of overdiagnosis resulting from
the detection of non-progressive cancers by screening
mammography. For this purpose, we used an approximate
bayesian computation approach22 that relied on extensive
computer simulations to infer this unobserved quantity.

Methods
Study design and model overview
We developed a stochastic simulation model designed to
replicate standardised incidence rates of breast cancer in
1991-2006 in Isère, France. This model was populated by 245
000 women divided into birth cohorts making up a female
population aged 50-69 from 1991 to 2006. For each woman,
we simulated the occurrence of breast cancer, its natural course,
and the participation in mammography screening (fig 1⇓). We
hypothesised that both invasive cancers and carcinoma in situ
could be progressive or non-progressive.
This model was suited for quantifying overdiagnosis, defined
by the proportion of cases that would not have clinically surfaced
during 1991-2006, because of the lack of progressive potential,
among all cases arising in women from the age of 50 to 69. We
focused on non-progressive diseases; overdiagnosis resulting
from progressive cancers censored because of competing causes
of death was not in the scope of the present study. The
proportion of non-progressive cancers was handled as an
unknown parameter in the model and estimated with an
approximate bayesian computation approach. Approximate
bayesian computation has its roots in rejection sampling, a
method that is suited for solving complex problems with
mathematically or computationally intractable likelihood.23 24

In this application of approximate bayesian computation, we
first simulated large numbers of female population datasets
using model parameters drawn from prior distributions. For
each simulated dataset, we computed a set of summary statistics
(annual standardised incidence rates of invasive cancer and
carcinoma in situ, 1991-2006) and compared them with the
values observed in Isère. Then we obtained an approximate
sample from the posterior distribution by selecting the model
parameters that had generated the summary statistics closest to
the observed values. Eventually, the proportion of
non-progressive cancers, like the other unknown parameters of
the model, was derived from this approximate sample.

Model components and parameters
We assumed that the observed incidence rate of breast cancer
was driven by four major components including all cause
mortality, lifetime probability of breast cancer, the natural course

of breast cancer, and the detection of breast cancer either
clinically or by screening mammography. Each of these
components was modelled as a stochastic process constrained
by general knowledge and published data.20 21

All cause mortality
Starting the model in 1922, we simulated 7000 women for each
single year birth cohort, resulting in a population size of 245
000 women. For each woman, we generated survival time and
death from any cause using a Cox-Gompertz model with a mean
life expectancy of 80.25

Lifetime probability of breast cancer
For each woman, we simulated the occurrence of breast cancer
based on a lifetime probability distribution. In accordance with
previous studies,21wemodelled only the incidence of first breast
cancer. Although the simulations involved 1922-56 birth cohorts,
the lifetime risk of breast cancer was calculated for women born
from 1900 to 1956. Indeed, the model was also designed for
other analyses that required simulations of birth cohorts from
1900. The lifetime probability of cancer incorporated the
possibility of a baseline incidence for women born in 1900 as
well as an increasing trend in incidence for women born from
1900 to 1950. Because themost recently published risk estimates
of developing an invasive breast cancer before age 75 were
limited to women born before 1950,26 we assumed that women
born in 1950-6 had a lifetime risk of cancer similar to those
born in 1950. To account for uncertainty, we used prior uniform
distributions for parameters describing the lifetime probability
distribution of breast cancer (table 1⇓).
As an increasing secular trend and similar changes in risk factors
have been consistently reported for carcinomas in situ and
invasive cancers,27we hypothesised that the underlying risk for
both types of cancer followed an increasing trend. Yet, we
allowed the trend in lifetime probability to differ between
invasive cancers and carcinomas in situ. For this purpose, we
sampled a value from a uniform (0.0, 1.0) prior distribution,
corresponding to the relative contribution of carcinoma in situ
to the overall trend in incidence of breast cancer. A value of 0.0
implied that invasive cancers and carcinomas in situ had the
same overall trend in lifetime probability of breast cancer,
whereas higher values implied a higher trend for carcinomas in
situ than for invasive cancers.

Natural course of breast cancer
The natural course of invasive cancers and carcinomas in situ
was simulated, with both having a progressive versus
non-progressive potential. Consistent with previous studies,28
we assumed three different types of carcinoma in situ, including
non-progressive carcinoma in situ, progressive carcinoma in
situ that was clinically detected, and carcinoma in situ that
progressed to invasive cancer during the preclinical phase.
Invasive cancer could be either progressive or non-progressive.
For each simulation, the model’s parameters corresponding to
the proportion of non-progressive invasive cancers and
carcinomas in situ were sampled from two independent uniform
(0.0%, 50.0%) prior distributions. Basically, there were several
potential reasons for investigating the magnitude of
overdiagnosis for invasive cancers and carcinomas in situ
separately. Firstly, the natural course of this disease remains
partly unknown because most detected cancers are treated.
Secondly, the magnitude of overdiagnosis from non-progressive
disease might differ for invasive cancers and carcinomas in situ.
Thirdly, carcinomas in situ account for less than 15% of all
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incident breast cancer cases. Thus the estimate of overdiagnosis
would be driven by non-progressive invasive cancers if the
model did not distinguish between invasive cancers and
carcinomas in situ.
We computed age at onset of preclinical cancer using a scaled
β distribution with a range of 100 years. This is the same
approach used by other authors for determining age at
diagnosis.29Because the age at onset of preclinical cancer cannot
be directly observed, we incorporated uncertainty by using
uniform prior distributions for the two parameters of the scaled
β distribution.
We used a γ distribution for modelling sojourn times (time spent
in the preclinical detectable phase) in the base case analysis,
with values that were consistent with published estimates of
mean sojourn time (range 2-4 years).30-33

Cancer detection
Breast cancer might be detected either clinically or by screening
mammography. In accordance with previous studies,21 we did
not differentiate between the various pathways leading to the
clinical detection of breast cancer, which included diagnosis
after symptomatic presentation, self breast examination, clinical
breast examination, or incidental presymptomatic detection.
In Isère, mammography screening was opportunistic before
1991, while both opportunistic and organised mammography
screening coexisted from 1991 to 2006. For each woman, we
simulated the probability of undergoing a screening
mammography during a two year period, on either an
opportunistic or organised basis. Although accurate information
exists on participation in organised mammography screening
in Isère,34 data on opportunistic screening are scarce.
In this base case analysis, we assumed that opportunistic
screening accounted for 0-40% of all screeningmammographies.
The upper limit (that is, 40%) was extracted from published
surveys.35 Based on this assumption, the lowest simulated
percentage of women undergoing a mammography for the
2005-6 period was 46%, corresponding to the participation rate
in organised screening (46%) with no opportunistic screening
(0%). The upper simulated percentage of women undergoing a
mammography for the same period was 74%, corresponding to
a 46% participation rate in organised screening with an
additional 28% rate of opportunistic screening. In the latter
simulation, opportunistic screening accounted for almost 40%
(28%/74%) of all women who underwent screening
mammography. We sampled the probability of undergoing a
screening mammography over a two year period from two
separate and independent uniform prior distributions,
corresponding to the participation rates in mammography
screening in 1991-2 and 2005-6, respectively. Finally, we
hypothesised that screening mammography dissemination
followed a linear trend from 1991 to 2006.
We also had to consider opportunistic screening before the age
of 50 and at the end of the 1980s to analyse the incidence rates
amongwomen aged 50-69 during the 1991-2006 period. Indeed,
participation in screening before the age of 50 or before the
1991-2006 period could have modified the incidence rates
among women aged 50-69 by anticipating the date of diagnosis.
For example, a cancer detected by opportunistic screening
mammography at age 49 would have surfaced clinically at age
51, assuming a lead time of two years.
We first considered that about 20% of women underwent an
opportunistic screeningmammography every two years between
1987 and 199036 and drew the corresponding parameter from a
uniform (15.0%, 25.0%) prior distribution. Secondly, the

probability of undergoing an opportunistic screening
mammography over a two year period in the age range 40-49
was assumed to be half of the participation rate in organised
mammography screening among women aged 50-69. Indeed,
women aged 40-49 were not eligible for organised
mammography screening, but a substantial proportion underwent
opportunistic screening.
Finally, the mean sensitivity of mammography was assumed to
be 90%, with the value drawn from a β (31.5, 3.5) distribution.

Approximate bayesian computation analysis
In standard bayesian inference,37 the posterior probabilities of
parameters θ are given by the following formula:
P(θ|y) ∝ P(y|θ) π(θ)
with y denoting the values observed in an empirical dataset,
P(θ|y) denoting the posterior distribution for each parameter θ,
π(θ) denoting the prior distribution for each parameter θ, and
P(y|θ) denoting the likelihood.
For complex problems with mathematically or computationally
intractable likelihoods, approximate bayesian computation
(ABC) approaches bypass exact likelihood calculations by using
simulations and rejection sampling based on summary
statistics.23 Summary statistics (s) are values (standardised annual
incidence rates in the present application) that represent the
information available in the study.
For this purpose, a basic rejection algorithm performs the
following steps:

1) Sample a candidate value for each parameter θ from its
prior distribution π(θ)
2) Simulate a dataset made of yi values from a generating
mechanism based on the parameters θ, and compute the
corresponding set of summary statistics si = s(yi)
3) Accept the value of θ if the distance between the summary
statistics derived from the simulated dataset si and the
summary statistics derived from the observed dataset sobs is
less than ε, a prespecified error value
4) If not, reject the parameters θ and go to 1).

Using this basic rejection algorithm, the accepted values (θi)
form a random sample from an approximation of the posterior
distribution.
The posterior probabilities are given by the following formula:
pε(θ | y) ∝ Pr(|si - sobs | < ε | θ) p(θ)
Recent improvements in the approximation of the posterior
distribution include non-linear transformation of the accepted
values of the parameters (θi).24 Non-linear transformation
consists of weighting the accepted values of the parameters, θi,
by a quantity that depends on the distance between si and sobs
and then deriving corrected values of the parameters (θi*) from
a non-linear regression:
θi* = θi + g(W, sobs) − g(W, si)
where g(W, s) denotes a feed-forward neural network regression
function, with weights W adjusted from the simulated data.24

In practice, the proportion of non-progressive cancer was
determined via model calibration to the standardised annual
incidence rates of invasive cancers and carcinoma in situ
observed between 1991 and 2006 in Isère.34 We first simulated
100 000 datasets with model parameters drawn from their prior
distributions. For each simulated dataset, we computed a set of
summary statistics, including 16 standardised annual incidence
rates (from 1991 through 2006) for invasive cancers and
carcinoma in situ, respectively. Then, we retained 500 (0.5%)

No commercial reuse: See rights and reprints http://www.bmj.com/permissions Subscribe: http://www.bmj.com/subscribe

BMJ 2011;343:d7017 doi: 10.1136/bmj.d7017 Page 3 of 11

RESEARCH

http://www.bmj.com/permissions
http://www.bmj.com/subscribe


datasets with the smallest Euclidean distance between the
simulated and observed values of standardised incidence rates.
The values of the parameters were then corrected to form an
approximate sample from the posterior distribution.24

Datasets were re-simulated with the simulation model by using
the corrected values of the parameters obtained previously. The
posterior predictive distributions of overdiagnosis (%) were
calculated among all cases of breast cancers detected clinically
or by screening mammography in women aged 50-69 between
1991 and 2006 in Isère.
To assess the robustness of these estimates, we performed
supplementary analyses. Firstly, we estimated the proportion
of overdiagnosis using various sojourn time distributions and
parameters (models 1-7, table 2⇓). Secondly, we repeated the
analyses after excluding the 1991-5 study period, which was
dominated more by prevalent screens at the beginning of the
screening programme. Thirdly, we checked the influence of the
prior distribution for non-progressive carcinoma in situ on
overdiagnosis estimates by drawing this parameter from a
uniform (0.0-0.7) distribution. Finally, we checked for the
robustness of our estimates by simulating 200 000 datasets
instead of 100 000 and using artificial observations simulated
on the basis of the parameter values derived from the best fitting
simulations.
All datasets were generated with a C language code and
approximate bayesian inference was performed with the ABC
package38 in the R statistical software, version 2.12 (R
foundation for statistical computing, Vienna, Austria).

Results
We simulated 100 000 datasets, each comprising 245 000
women. Besides the proportion of non-progressive disease, two
parameters drawn from prior distributions—the participation
rate in mammography screening and the sensitivity of
mammography—most influenced the magnitude of
overdiagnosis from non-progressive invasive cancers.
Overdiagnosis increased with increasing participation rates in
organised or opportunistic screening, but the change in
overdiagnosis was moderate for participation rates higher than
40%. It also increased with increasing values of mammography
sensitivity, with a slower trend for sensitivity values higher than
80%.
Figure 2⇓ depicts the best fitting predicted incidence rates of
breast cancer between 1991 and 2006 and the mean standardised
incidence rates for the 500 incidence curves predicted from the
posterior distributions. Although calibration was satisfactory
for invasive cancers, the simulated incidence rates were slightly
higher than the observed incidence rates for carcinoma in situ.
Compared with the observed incidence rates, the mean predicted
incidence rates for 1991-2006 were 30.6% and 4.6% higher for
in situ and invasive cancers, respectively. The incidence rate
curves obtained from the best fitting dataset, however, were
close to the observed incidence rates for both in situ and invasive
cancers: the mean predicted incidence rates for 1991-2006 were
8.7% and 1.3% lower for in situ and invasive cancers,
respectively, than the observed incidence rates.

Posterior distribution of parameters
The mean proportion of non-progressive cancers was 3% and
6% for invasive cancers and carcinomas in situ, respectively
(table 1).⇓ The posterior estimate of the proportion of
non-progressive cancer was less precise for carcinoma in situ

(95% credibility interval 0% to 17%) than for invasive cancer
(3% to 4%).

Posterior estimates of overdiagnosis
In the base case analysis, overdiagnosis accounted for 1.5% of
all cases of invasive cancers and for 28.0% of all cases of
carcinomas in situ detected either clinically or by screening
mammography in Isère for 1991-2006 (table 1).⇓ The estimates
were more precise for invasive than for in situ cancers (fig 3⇓).
The estimates of overdiagnosis obtained from the best fitting
dataset were 0.6% and 15.7% for invasive cancer and carcinoma
in situ, respectively.
When we restricted the analysis to the cases of cancer detected
by screeningmammography only, the estimates of overdiagnosis
were 3.3% and 31.9% for invasive cancer and carcinoma in situ,
respectively (fig 4⇓). In the best fitting analysis, the mean time
between the detection of a non-progressive breast cancer by
screening mammography and a woman’s death was 19 years
(SD 10 years).

Supplementary analyses
Firstly, varying the distribution of sojourn time yielded mean
estimates of the proportion of overdiagnosis that ranged from
0.0% to 3.9% for invasive cancer and from 12.4% to 51.7% for
carcinomas in situ (table 2).⇓ Secondly, excluding data from
1991-5 resulted in estimates of overdiagnosis that were
unchanged for carcinoma in situ (30.8%, 95% credibility interval
8.5% to 55.4%) and slightly lower for invasive cancer (0.9%,
0.6% to 1.2%) compared with the base case analysis. Thirdly,
using a (0.0%, 70.0%) uniform prior distribution for
non-progressive carcinoma in situ dramatically altered the point
estimate of the overdiagnosis proportion (7.5% instead of 28%)
but did not improve the precision of the corresponding 95%
credibility interval (0.0% to 45.1%). Finally, increasing the
number of simulations from 100 000 to 200 000 did not modify
the estimates of overdiagnosis, and the values of the parameters
used to simulate artificial observations were correctly estimated
with 100 000 simulations.

Discussion
Main findings
Using an approximate bayesian computation approach, we found
that overdiagnosis from the detection of non-progressive disease
by screening mammography ranged from 1.5% for invasive
cancers to 28% for carcinoma in situ. Because carcinomas in
situ accounted for less than 15% of all incident breast cancers,
overdiagnosis was of limited importance between 1991 and
2006 in Isère.

Strengths and weaknesses
The strengths of the present modelling approach included
adjustment for potential sources of bias and calibration to
observed incidence rates of breast cancers. Themodel accounted
for important biases that can affect estimates of overdiagnosis
in randomised controlled trials and population based screening
programmes.16 Firstly, we addressed the issue of opportunistic
screening, which could contribute to underestimating
overdiagnosis,16 by simulating the probability of undergoing
screeningmammography on either an organised or opportunistic
basis. Secondly, because estimates of overdiagnosis might be
flawed by secular changes in background risk of breast cancer,
the model allowed for the possibility of an increasing linear
trend in the lifetime probability of breast cancer. Thirdly, the
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model was adjusted for lead time by simulating sojourn times
with various distributions in the base case and sensitivity
analyses.
Moreover, the uncertainty concerning the extent of opportunistic
screening and the lifetime risk of breast cancer was taken into
account through the bayesian approach instead of making
restrictive assumptions. Our assumption that the risk of breast
cancer was constant for women in 1950-6 probably had a limited
impact on the estimates of overdiagnosis. Indeed, only six birth
cohorts were involved, comprising 6.6% of the overall number
of person years generated by the simulations. Assuming that
the risk of breast cancer for women born in 1950-6 increased
at the same rate as for those born before 1950 would yield a
19.4% lifetime risk instead of 18%.
Another important feature of the approach we used was the use
of bayesian rejection sampling according to observed
standardised incidence rates of breast cancer for determining
posterior distribution of unknown parameters, like the proportion
of non-progressive disease. That these estimates of overdiagnosis
were consistent with the incidence rates of breast cancer
observed between 1991 and 2006 in Isère supports the validity
of the results. We cannot exclude that the findings might be
different in other countries because of the specificities relative
to the breast cancer epidemiology, screening procedures, and
the rate of participation in the organised mammography
screening programme in Isère.
Firstly, with an estimated standardised rate of 99.7 per 100 000
person years in 2008, France ranked among the countries with
the highest incidence of breast cancer worldwide.39 In Isère, the
standardised incidence rate was 97.8 per 100 000 person years
in 2003-6.40

Secondly, mostWestern countries have developed breast cancer
screening programmes but the provision of screening
mammography varies markedly, with different settings (private
practices versus national health services), ages of women
screened, intervals between mammographic examinations, and
numbers of mammographic views. In Isère, the organised
screening programme was launched in 1991 and consisted of a
single oblique external view mammography for women aged
50-69. Two view mammography (craniocaudal and oblique
external) was introduced in 2000 for both first and subsequent
screens. In 2002, the programme was extended to women aged
50-74, included clinical breast examination, and had a screening
interval shortened from 30 to 24 months to comply with the
requirements for the French nationwide programme.41

Thirdly, the low participation rate in the early 1990s (25% in
1991-3 and 30% in 1993-5) and the coexistence of opportunistic
individual screening constitute another characteristic of the
breast cancer screening programme in Isère.
Uncertainty and complexity are the main limitations of this
modelling approach. Because themodel incorporated uncertainty
for various unknown parameters, the estimated proportions of
non-progressive disease were uncertain, especially for
carcinomas in situ. The relatively low incidence rates of
carcinoma in situ also probably contributed to the imprecise
estimate of overdiagnosis for this disease, as reflected by the
large credibility interval. This could explain the difference
observed between the best fitting (15.7%) and the mean (28%)
estimates of overdiagnosis for carcinomas in situ. Another
potential explanation for this observation concerns the skewed
distribution of this parameter. Indeed, the best fitting estimates
were close to the mode of the distribution, which was somewhat
different from the mean.

Complexity is considered a major drawback of the modelling
approach for quantifying themagnitude of overdiagnosis. Indeed
complex models are often required to capture true disease
processes, making the assessment of their validity problematic.16
Although less complex models seem more transparent, they
might oversimplify the true situation and lead to inaccurate
estimates.
Finally, the number of simulations needed by rejection sampling
methods might be substantial as the number of independent
summary statistics increases, a problem that is called the “curse
of dimensionality.” In addition, some of the 12 parameters we
estimated in our model probably exhibit non-negligible
correlations. The choice of using feed-forward neural networks
deals with these concerns specifically, and the improvements
on approximate bayesian computation with those non-linear
transformations has been extensively discussed24 for examples
of similar complexity.

Comparison with other studies
Inconsistencies in published percentage estimates of
overdiagnosis result partly from the use of different
denominators across studies.42 Indeed, some authors reported
the percentages of overdiagnosis observed among all cases of
cancer diagnosed either clinically or by screening
mammography, while others reported the percentages of
overdiagnosis observed among the cases of cancer detected by
screening mammography only. To ensure comparability, we
recalculated the percentage of overdiagnosis among all cases
of cancer diagnosed either clinically or by screening
mammography, based on published data for each study.
Overdiagnosis was defined as the incidence in the screened
population minus the incidence in the unscreened population,
divided by the incidence in the screened population.
Published estimates of overdiagnosis range from less than 1%
to 35% for invasive breast cancers and from 4% at the incident
screen to 46% at the prevalent screen for carcinomas in situ.
The various approaches and related biases probably explain
much of the variability in the estimates of overdiagnosis,
although we cannot quantify the contribution of heterogeneity
in the sensitivity of the screening programme and baseline
characteristics of the population.
These estimates of overdiagnosis for invasive cancers were
consistent with those fromwell designed randomised controlled
trials and population based studies that compared the cumulative
incidence of breast cancer between screened and unscreened
women. The overdiagnosis rate was 6.5% (95% confidence
interval −4.2% to 15.3%) in the Malmö mammographic trial in
Sweden43 and 1.7% (−10.2% to 11.5%) for women aged 50-59
enrolled in the Canadian National Breast Screening Study.44
Comparable estimates were reported in a population based
screening programme in Florence, Italy, after adjustment for
lead time.45 Yet, comparing the cumulative incidence of breast
cancer between a screened cohort and an age matched historical
control cohort, Zahl et al found a much higher overdiagnosis
rate (18.0%, 13.8% to 23.1%), which might reflect the effect of
lead time resulting from a limited follow-up period.46

Our results also agree with those reported by authors who used
multistate models with explicit assumptions regarding the natural
course of disease and sojourn times. Overdiagnosis rates
reported by Olsen et al were 7.8% (0.3% to 28.5%) and 0.5%
(0.0% to 2.1%) at the prevalent and incident screen in the
Copenhagen screening programme inDenmark.33Using a similar
approach, Duffy et al found that overdiagnosis rates at the
prevalent and incident screen were 3.1% (0.1% to 10.9%) and
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0.3% (0.1% to 1.0%) in the two county trial and 4.2% (0.0% to
28.8%) and 0.3% (0.0 to 2.0%) in the Gothenburg trial in
Sweden.47 Yen et al quantified the magnitude of overdiagnosis
for carcinoma in situ only, with estimates ranging from 23% to
46% for the prevalent screen and from 4% to 21% for the
incident screen.32

In contrast, studies that compared the trend in incidence rates
before and after implementation of screening reported much
higher estimates of overdiagnosis for invasive cancers. An
analysis of five screening programmes organised in Europe,
Australia, and Canada estimated the overdiagnosis rate at 35%
(29% to 42%).15 None of the screening programmes, however,
systematically adjusted for lead time other than the exclusion
of the implementation phase with its prevalence peak. Similar
rates were observed in a screening programme inNorway, which
could be explained by the lack of precise adjustment for lead
time and changes in background incidence.48 Studies that
compared incidence rates after adjusting for lead time based on
explicit, although unverified, assumptions, however, consistently
reported lower rates of overdiagnosis.49

The magnitude of overdiagnosis for carcinoma in situ might
have been overestimated in the previous years. Indeed, our
estimate of overdiagnosis for carcinomas in situ was consistent
with the 32% recurrence rate after surgical treatment reported
recently, with ipsilateral and invasive recurrences accounting
for 81% and 40% of all recurrences.50 These findings probably
correspond to the lower range of progressive disease among
treated carcinomas in situ.

Conclusion
Overdiagnosis of invasive breast cancer in a population offered
organised and individual screening was 1.5% (95% credibility
interval 0.3% to 2.9%) after adjustment for the effect of lead
time, the uncertainty around the trend in incidence of breast
cancer for successive birth cohorts, and opportunistic screening.
Further study is warranted to obtain a more precise estimate of
overdiagnosis for carcinoma in situ.
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Tables

Table 1| Prior distributions, posterior estimates, and posterior predictive distributions of overdiagnosis for model parameters in base case
analysis model

Mean (95%CI) estimated values†

Prior distribution*

MeanType

Parameter

7.0% (6.0% to 8.0%)9.0%Uniform (6.0%, 12.0%)Lifetime probability of breast cancer for women born
in 1900

1.06 (0.50 to 1.69)1.25Uniform (0.5, 2.0)Increase in lifetime probability for women born
1900-50

41.0% (5.0% to 85.0%)50.0%Uniform (0.0%, 100.0%)Proportion of increase in lifetime probability from
carcinomas in situ

7.48 (6.93 to 7.99)7.50Uniform (7.0, 8.0)Age at onset of preclinical cancer: parameter 1 for
scaled β distribution

5.94 (5.79 to 6.12)6.25Uniform (5.5, 7.0)Age at onset of preclinical cancer: parameter 2 for
scaled β distribution

52.0% (23.0% to 74.0%)30.0%β (3, 7)Proportion of invasive cancer at onset of preclinical
phase

91.0% (84.0% to 97.0%)80.0%β (8, 2)Proportion of in situ cancer evolving to invasive
during preclinical phase

6.0% (0.0% to 17.0%)25.0%Uniform (0.0%, 50.0%)Proportion of non-progressive carcinoma in situ

3.0% (3.0% to 4.0%)25.0%Uniform (0.0%, 50.0%)Proportion of non-progressive invasive cancer

20.0% (19.0% to 21.0%)20.0%Uniform (15.0%, 25.0%)Probability of undergoing screening mammography
in 1987-8 and 1989-90

21.0% (18.0% to 24.0%)25.0%Uniform (19.0%, 30.0%)Probability of undergoing screening mammography
in 1991-2

57.0% (46.0% to 71.0%)60.0%Uniform (46.0%, 74.0%)Probability of undergoing screening mammography
in 2005-6

Overdiagnosis for in situ cancers

28.0% (2.2% to 59.8%)——Among cancer diagnosed

31.9% (2.9% to 62.3%)——Among cancer screened

Overdiagnosis for invasive cancers

1.5% (0.3% to 2.9%)——Among cancer diagnosed

3.3% (0.7% to 6.5%)——Among cancer screened

CI=credibility interval.
*Proportion of overdiagnosis for carcinoma in situ and invasive cancer was not parameter of model and consequently did not have prior distributions. Values
derived from proportion of non-progressive disease for each type of cancer.
†Obtained from posterior distributions for 12 parameters and from posterior predictive distributions for proportion of overdiagnosis.
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Table 2| Posterior estimates of proportion of overdiagnosis among women aged 50-69 in Isère, 1991-2006, for models 1 to 7

Mean (95% CI) overdiagnosis for
invasive cancers (%)

Mean (95% CI) overdiagnosis for
carcinomas in situ (%)Sojourn time

Model
Among cancers

screened†

Among all
cancers

diagnosed*
Among cancers

screened†

Among all
cancers

diagnosed*

Mean sojourn time (years)

Distribution Invasive

In situ to invasive

In situ
Phase
invasive

Phase in
situ

0.1 (0.0 to 0.2)0.0 (0.0 to 0.1)30.3 (4.5 to 60.1)28.0 (3.9 to 58.1)4.001.003.004.00γModel 1

0.4 (0.1 to 1.0)0.2 (0.0 to 0.5)54.7 (15.4 to 81.8)51.7 (13.2 to 80.4)4.002.002.004.00γModel 2

3.4 (0.0 to 11.4)0.9 (0.0 to 2.9)17.3 (7.8 to 28.5)12.4 (5.3 to 19.7)2.001.500.502.00γModel 3

5.8 (0.7 to 14.5)3.0 (0.3 to 7.6)43.5 (13.9 to 63.3)39.6 (10.5 to 61.4)5.003.751.255.00γModel 4

0.0 (0.0 to 0.1)0.0 (0.0 to 0.0)35.4 (8.0 to 65.9)33.8 (7.4 to 65.4)4.001.003.004.00ExponentialModel 5

8.9 (0.5 to 24.0)3.9 (0.2 to 10.6)30.9 (1.0 to 72.9)23.3 (0.6 to 65.9)4.003.000.502.00γModel 6

0.6 (0.0 to 3.2)0.3 (0.0 to 1.4)49.0 (4.4 to 86.9)45.8 (3.6 to 85.7)4.003.001.506.00γModel 7

CI=credibility interval.
*Cancers diagnosed either clinically or by screening mammography.
†Cancers detected by screening mammography only.
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Figures

Fig 1 Simulation model for each woman

Fig 2 Mean predicted and observed standardised incidence rates of breast cancer among women aged 50-69, Isère,
1991-2006
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Fig 3 Posterior predictive distribution of overdiagnosis (%) among all cases of breast cancers detected either clinically or
by screening mammography in women aged 50-69, Isère, 1991-2006

Fig 4 Posterior predictive distribution of overdiagnosis (%) among all cases of breast cancers detected by screening
mammography in women aged 50-69, Isère, 1991-2006
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