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Abstract: Professor Miettinen offers a scathing critique of the criteria used by official bodies to decide for
whom and how often breast cancer screening should be offered (Miettinen, 2015). He notes that these
bodies often simply synthesize the results of prior randomized clinical trials with very little attention given
to the question of whether individual trials constitute an adequate data source on which to make decisions
concerning screening policy. He observes that most of these randomized trials suffer from many deficien-
cies. These include non-compliance with the assigned protocol and cross-over, problems with the rando-
mization itself, the outmoded technologies used in older trials, inadequate length of follow-up, and
restriction, by design, to just a few episodes of screening.

He then discusses the design of a trial that he feels would be ideal for making decisions about screening
programs but suggests that these trials are not feasible. In this discussion, he characterizes the goals of a
screening program as both part of community-medicine and as the initial clinical steps to prevent death
from breast cancer. In light of these goals, he briefly describes what he considers the proper design and
analysis of data obtained from observational studies (as well as randomized studies). It is here that I have
certain disagreements with his perspective. It will be useful to first describe my point of view and then
contrast it with his.

From my perspective, one’s goal should be to discover a near-optimal screening strategy for the
prevention of breast cancer mortality to be pursued from birth until the time of the subject’s death. Note
under such a strategy, the age at first screen and age at last screen would vary, depending on the risk of an
as yet undiagnosed breast cancer as determined by the subject’s clinical, family, genetic, and environ-
mental history. For example, the frequency and duration of screening would depend on the results found at
prior screens as well as changes in other risk factors. [As an aside, although in principle it might be
preferable to use all-cause mortality as an outcome, nonetheless, in practice, the added statistical noise due
to causes of death unaffected by breast cancer screening usually makes this impractical.]

In fact, it is preferable to speak of an optimal screening and treatment strategy, owing to the fact that,
given the results of a screening exam, the optimal treatment strategy itself requires optimization. Further
the optimal screening schedule will depend on the efficacy of the available treatments. Ideally, many
different screening and treatment strategies should be compared in ongoing randomized trials in which as
many women as possible are enrolled. This is the vision of personalized medicine applied to all women
based on rich data, routinely available through fine-grained, complete electronic medical records. Because
of rapid advances in both screening and treatment, these trials need to be ongoing so that reliance on
earlier treatments and screening technologies does not dominate.

Rather than randomizing each women to a particular screening and treatment strategy upfront, one can
instead, at each visit, randomly assign the date of the next visit and the screening procedure and/or
treatments to be given at that visit. The randomization probabilities at a given visit can depend on a
subject’s entire past history. Compared to a trial with upfront randomization to an entire treatment and
testing strategy, such a sequential randomized trial is easier to implement, naturally allows for the
inclusion of new treatment and screening technologies as they become available, and is more ethical
(because the screening modalities and treatments considered in equipoise may change with time).
Nonetheless, the data collected in such a sequential trial can be used to estimate the breast cancer mortality
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rate that would have been observed under upfront randomization to any screening and treatment strategy
(subject to positivity constraints) including the optimal strategy. To do so one should fit (saturated)
dynamic marginal structural models or structural nested models using those g-methods (inverse probability
of treatment weighting, g-estimation, or doubly robust methods) which provide for valid estimation given
only knowledge of the time-specific randomization probabilities specified in the design of the sequential
study (Robins and Hernán, 2008). [Due to the high dimensionality of the data, non-saturated causal models
will often be required, in which case, correct specification of the model is also needed for validity.]

Of course, the optimal screening and treatment strategy will be a function not only of the breast cancer
mortality rate but also of the cost and over-diagnosis rate associated with the strategy. Tradeoffs between
cost and over-diagnosis versus the prevention of death from breast cancer are societal questions that can be
decided on either before or after the relevant trial data, including cost data, have been collected.

Unfortunately, at present, such ongoing ubiquitous trials, upfront or sequentially randomized, remain a
dream. Thus, at present, we have no choice but to try to combine, in an ongoing fashion, the analysis of
observational data in electronic medical records and administrative data bases with the results of the
imperfect, for our purposes, earlier trials based on outmoded screening technologies and treatments. The
observational data can, under certain circumstances, be used to emulate the ideal personalized medicine
trials described above. However, as in any observational study, control for confounding and accurate
measurement of treatments, covariates, and outcome is essential. In particular, observational studies of
cancer screening are plagued by time-dependent confounders that are themselves affected by earlier
screening and treatment. Specifically, the detection of an asymptomatic breast cancer discovered at screen-
ing is obviously caused by screening and is also a time dependent confounder as it is a determinant of
future screening and treatment as well as a causal risk factor breast cancer mortality. Indeed, the diagnosis
and treatment of an asymptomatic cancer at screen will (hopefully) often be on the causal pathway from
screening to (prevention of) death. In light of the above, statistical methods are needed that can estimate
the effect of various screening and treatment programs on breast cancer mortality while appropriately
adjusting for time-dependent confounding by covariates affected by prior screening and treatment. Such
methods, often referred to as g-methods, include dynamic regime marginal structural models, the estimated
g-formula, and optimal regime structural nested models (Robins and Hernán, 2008).

It should be noted that g-methods are capable both of estimating the effect of a screening program
(with the resultant treatment viewed as representing standard care), as well as the effect of a combined
screening and treatment strategy. Again, it is an optimal combined strategy that will minimize breast cancer
mortality.

In conducting such an analysis one should include strategies that one does not believe will be optimal
but mimic strategies that have been employed in earlier well-conducted randomized clinical trials. (An
example of such a strategy is one that specifies a woman attend just two screens separated by one year.) We
can then compare the results of an observational analysis applied to this same sub-optimal strategy to help
assess whether we have adequately controlled for time-dependent confounding in our observational
analyses. (More accurately, we should compare a combined screening and treatment strategy that applies
the treatments in use at the time of the trial although positivity violations may make this impossible.)

A major limitation of an ongoing personalized medicine ideal trial (that also applies to any observa-
tional analysis) is the impossibility of effectively extrapolating into the future. As a consequence the follow-
up period for the assessment of recently developed technologies and treatments will be short. Moreover, the
ability to assess emerging technologies not yet clinically deployed will be virtually non-existent. (Indeed
because of positivity violations, it is difficult to assess the effect of any screening and treatment strategy
that has not been followed by at least a small fraction of the subjects contributing to the data.)

After settling on some near-optimal strategy, one might wish to assess its effect in a particular
community. A good way to make this assessment is via a micro- simulation study. For simplicity, consider
a community population that has not had substantial screening up to the present. First, suppose that all
women in the population began the optimal screening program on a given date where, again, the optimal
strategy protocol applied to a given woman will depend on her age and her specific risk factors. Within a
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computer, draw as a baseline population, a large random sample whose age and risk factor distribution
agrees with that of the community population and then follow the sample forward applying, in the
computer, the optimal screening strategy to each woman. This is precisely the same calculation one
performed when applying the estimated g-formula to select the near-optimal regime, except that the
community’s baseline population distribution is substituted for the baseline population found in our
observational data base. Specifically, conditional on time dependent risk factors (including screening and
treatment history) up to a time t, the rate of death from breast cancer and from other causes and the
changes in the risk factor distribution at t used in the simulation are based on the estimates from the earlier
observational data analysis. In contrast, in the simulation, the screening and treatment data at t are
determined by the regime whose outcome one is simulating. If the baseline risk factor data available on
community members is only a subset of the baseline risk factor data available in the observational data
used for analysis, then, in the micro-simulation, one might draw the remaining baseline risk factors from an
estimate of their conditional distribution given the other baseline factors. Note in doing this micro-simula-
tion we do not have to assume that the community population reaches a steady state if our time horizon is,
as it is sure to be, less than 40 years. This is because the collection of women in the community, aged zero
to forty, that would have their first screening under the near-optimal regime over the next forty years is
known (apart from migrations in and out of the community which we assume to be small in number for
simplicity). Again the greatest limitation of this micro-simulation strategy is that the most relevant screen-
ing technologies and treatments have been only available for a short period and the technologies and
treatments that will be applied later are unknown. Because of economies of scale, costs estimates based on
the simulation may be further off the mark than mortality estimates. The results of the fit of a dynamic
regime marginal structural model or an optimal regime structural nested model could also be used to
estimate the community effect [provided the marginal structural model was specified conditionally on
baseline covariates.]

There is one important caution. The extrapolation of results from our observational analysis of admin-
istrative data bases and electronic medical records to the estimation of a community effect essentially
requires that the observational data and the community data have the same distribution of measured and
unmeasured causes of the measured variables excepting the screening, treatment, and baseline variables.

In practice, as discussed by Miettinen, if a near-optimal screening and treatment program is introduced
into a community not all women in the community will follow the proposed strategy. If one assumes some
p% of women at calendar time t fail to follow the strategy, where p may depend on a woman’s history of
time-dependent risk factors up to t, one can still estimate through micro-simulation the community impact
of the program on breast cancer mortality, cost, and over-diagnosis provided, of course, that one is willing
to specify the likely screening and treatment histories that the non-compliers will actually follow.

We now turn to a comparison of my perspective with that of Professor Miettinen. I believe that my
perspective largely agrees with that of Professor Miettinen except in several places. It is these areas of
potential disagreement to which I will confine my remarks.

Miettinen makes, as I do, a distinction between the effect of a screening protocol on a closed cohort as
in a randomized trial versus the effect on a community. Both of us agree that, in principle, a near optimal
policy could be estimated from ideal (but difficult to implement) randomized trials of alternative strategies
based on closed cohorts. However, to estimate the community effect of a given near optimal strategy,
Miettinen needs to assume a steady state population to obtain simple formulae that relate the trial
parameters to the distribution of breast cancer mortality in the community. As discussed earlier, I believe
that through microsimulation the unrealistic assumption of a steady state can be eliminated.

Professor Miettinen states that the invariant causal effect that one would ideally wish to estimate is the
case fatality rate. He then argues that it would be unethical and impractical to perform the ideal rando-
mized clinical trial that would inform its estimation. However he suggests that this effect could be estimated
from community data (which is observational). The methods which he proposes are based on the estimation
of the incidence density ratio defined by events over person time, perhaps conditional on aspects of past
history. As I have argued over many years, in the face of time-dependent confounders affected by prior
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treatment, estimation of the incidence density ratio using standard epidemiologic approaches of the sort
alluded to by Professor Miettinen often fail to have an interpretation as a causal incidence density ratio
(Robins and Hernán, 2008). Further, even if one uses appropriate methods, i.e. g-methods, to successfully
estimate a causal incidence density ratio, it is the breast cancer survival curves associated with the various
screening and treatment strategies that one should compare for two reasons. First incidence densities ratios
are subject to confounding by survival bias; second, it is the comparison of survival curves and not
incidence density ratios that is the contrast of greater interest from both a clinical and public health
perspective (Robins and Greenland, 1989).

As mentioned in the previous paragraph, Miettinen views the case fatality rate as the invariant
parameter of nature one wishes to estimate. He describes an ideal randomized trial to estimate this rate
in which one screens a patient and if that patient has a breast cancer that would eventually result in death
(i.e. no over-diagnosis) then one would randomize the subject to either immediate treatment or to no
treatment and no further screening until the cancer become clinically manifest. Although this parameter is
clearly an important parameter, it is not obvious to me that it is a biological invariant independent of the
frequency of prior (negative) screens. Further it is not clear how the case fatality ratio would directly
determine the optimal screening strategy or optimal screening and treatment strategy. Indeed, the optimal
strategy often chooses screening or screening and treatment at a given time based on a possibly complex
function of past screening and treatment history. If that is the case, the approach of directly estimating a
near- optimal treatment strategy from data collected in a sequential randomized trial or an observational
study, as described earlier, seems the way forward if one wishes to forego strong, possibly unwarranted,
assumptions.

In summary, Professor Miettinen has in my opinion appropriately stressed the limitation of current
methods used by official bodies to determine screening recommendations. However, an ideal determination
is not possible because of rapidly changing treatment and screening technologies. In my opinion, the
analytic approaches based on observational data that I have described above, grounded in the emulation of
randomized trials, is the best we can do until ubiquitous, ongoing sequential trials become a reality in our
health systems. These trials will allow estimation by g-methods of near-optimal strategies, at least for
treatments and screening modalities that have been in use for some time.
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