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The Power of Prediction

Harry B. Burke, mp, Phb

Department of Medicine, George Washington University, Washington, DC.

f knowledge is power, then the ability to predict and control the
future is the ultimate power. The science of medicine provides
the power to chart patients’ futures and to change their fate.

When a patient receives a treatment, there is an implicit predic-
tion that over an interval of time the patient will benefit from the
treatment, that it will change the patient’s risk of incident disease
or prognosis. It is extremely difficult to make these implicit predic-
tions explicit, but it is important to do so to determine the best treat-
ment for an individual patient. The challenge is to discover, model,
and validate biological factors in order to capture the disease process
represented by the factors, and to use the power of the disease to
predict its outcomes. Ideally, a therapy should only be given to those
patients who will experience a greater benefit than harm.

Cancer prediction is divided into 3 domains: risk, diagnosis,
and prognosis. Prognosis, the ability to predict the survival of can-
cer patients, has long been an active area of inquiry. Fifty-five years
ago, the TNM staging system was created to predict when cancer
patients with solid tumors receiving surgery would, on average, be
expected to die of their disease." The patients were stratified into 4
stages based on increasing anatomic extent of disease using 3 prog-
nostic factors: tumor size, lymph node status, and metastases. The
4 stages were created using historical cohorts of patients with
known outcomes. A new patient was placed in 1 of the 4 stages
based on the values of his or her 3 prognostic factors; the new
patient would have the same prognosis as the average of the histor-
ical cohort of patients in that stage.

The TNM staging system was an improvement over previous
cancer prediction systems because it was systematic (based on the
anatomic extent of disease) and its 3 prognostic factors were rela-
tively reproducible. Furthermore, it could be applied to more than 1
solid tumor type and its predictions were better than chance at pre-
dicting death from cancer. However, its predictive accuracy rested
on patients being detected relatively late in the disease process and
on their receiving only surgery. Finally, it assumed that there were
only 3 prognostic factors.

Three events significantly eroded the accuracy of TNM and its
clinical utility. The first was the evolution of screening and early
detection, which detected premalignant lesions and early disease,
thereby reducing the informativeness of the TNM variables and
including many patients whose disease would not be lethal. The
second was new therapies, including chemotherapy and molecular
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therapies, that modified the patient’s prognosis but
were not taken into account in the TNM system’s
“surgical therapy only” predictions. The third was
the discovery of powerful molecular predictive fac-
tors—factors that are not, and cannot be, be taken
into account in the TNM system.

Currently, the majority of women with breast
cancer present with stage I and II disease. The TNM
system is no better than flipping a coin (receiver
operating characteristic [ROC] of 0.57) at predicting
5-year disease-specific survival for women with
early-stage breast cancer.” Furthermore, the TNM
system can produce “outcome crossover,” in which
patients in better outcome stages have a worse prog-
nosis than patients in poorer outcome stages.’
Therefore, the TNM system has ceased to be a reli-
able predictor of disease-specific outcome for many
solid tumors.

There is a critical need for better outcome pre-
diction in cancer, for a system that relies on the biol-
ogy of the disease rather than the time of the
disease’s detection; a system where the variables are
strong predictors because they represent the unfold-
ing disease process (biological determinism) itself
rather than those that mark the state of the disease
at detection (temporal determinism).?

We must move from a model of temporal deter-
minism to one of biologic determinism. Carcinogen-
esis is not defined by what stage of disease the
patient is in at the time of detection but rather by
the molecular (genomic and proteomic) characteris-
tics of the tumor and the host. Biologic determinism
takes the view that the anatomic location of the dis-
ease at detection is more related to our methods of
detection than to the tumor itself. All patients are at
risk of metastatic disease; some are further along a
biological metastatic pathway at detection than
others. In this view, treatment should be driven by
the molecular biology of the tumor and host and not
the tumor’s location at detection.?

The scientific assessment of cancer risk has a
more recent etiology than prognosis. The literature
before the Gail model was dominated by 2
approaches: relative risk models, which were difficult
to use clinically because a woman'’s risk varied with
the reference population; and lifetime risk models, in
which a woman’s risk varied with her birth cohort
and in which there was no recognition of her risk at
a specific age.

The first widely recognized attempt to predict a
person’s risk of cancer occurred nearly 20 years ago
with the publication of a new statistical method by
Dupont? and a clinical model by Gail et al.’> Gail
et al used a subset of the Breast Cancer Detection
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Demonstration Project (BCDDP) data, combining
several risk factors (age at menarche, age at first live
birth, number of previous biopsies, and number of
first-degree relatives with breast cancer) into a model
that provided a woman with her absolute risk of
incident breast cancer over a specified interval of
time.

The original Gail model has been evaluated and
found to require improvement.® To increase its pre-
dictive accuracy, the original Gail model was modi-
fied by examining the model results and, among
other things, substituting age-specific invasive breast
cancer incidence rates from the National Cancer
Institute’s Surveillance, Epidemiology, and End
Results (SEER) program for the BCDDP rates and by
the use of attributable risk estimates from the SEER
program to obtain the baseline hazards ratios
(“Model 2”). Several validation studies of Model 2
have demonstrated an ROC for the Gail model of
0.58” and 0.59.2 This is unfortunate because an ROC
of 0.58 to 0.59 is essentially chance prediction and
not clinically useful.

In a study published in this issue of Cancer,
Chen et al,’ using data from the Women’s Health Ini-
tiative (WHI), found the Gail model to have an ROC
of 0.55. Chen et al then added another clinical risk
factor,bone mineral density, to the Gail model and
achieved an ROC of 0.62. If the threshold for clinical
utility is set at 0.60, the Gail model does not achieve
it, although Chen et al do-but not by much. A help-
ful heuristic is that a validated ROC of 0.60 is usually
required to surmount a predictive model’s variance,
0.65 is a good clinical start, 0.70 is a clinically useful
model, and 0.75 and above indicates excellent clini-
cal accuracy.

The research of Chen et al highlights how diffi-
cult it is to create accurate risk models. Although
prognostic models require relatively large datasets,
typically they must follow patients over long periods
of time, and they require a sufficient event rate (out-
comes such as disease recurrence or death); they are
strengthened by the finding that all the patients have
the disease. The fact that all the patients have the
disease produces a relatively homogeneous patient
population and creates factors that are related to the
disease, albeit by time (eg, tumor size). This relative
homogeneity reduces interpatient variance and the
disease-related variables can be relatively powerful
prognostic factors.

These advantages do not exist in risk modeling
because the majority of the people in the study
cohort, even in high-risk cohorts, will never exhibit
the disease. Because of the heterogeneity of the
population and the relatively low disease frequency,
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risk studies require very large populations, there
tend to be many putative risk factors, and the factors
tend to have high variances. Furthermore, most pu-
tative risk factors will not have any predictive power
and even powerful predictors can appear weak
because of the low event rate, colinearity with other
factors, and high factor variance in the study cohort.
Therefore, investigators who wish to create risk pre-
diction models, even with large populations, usually
use either a case—control design or a retrospective
cohort, or wait a long time for there to be a suffi-
cient number of incident cases. However, even case—
control risk studies can require more than 1000 cases
and 3000 controls.'®

Since the early attempts at predicting cancer
prognosis, several molecular risk and prognostic fac-
tors have been discovered. Breast cancer’s prognostic
factors include estrogen and progesterone receptor
status as well as HER-2 status. In terms of risk fac-
tors for prostate cancer, there is prostate-specific
antigen (PSA). These molecular factors should be
included in the relevant predictive models.

Gene expression has been enlisted to predict
outcomes in all major solid tumor types and whole
genome analysis is being explored to assess both risk
of disease and prognosis. In terms of clinical out-
come prediction, gene expression uses relatively
small datasets to assess a large number of potential
predictive factors. Gene-based prediction models are
being used clinically'"'* but they are very difficult to
validate."® Although there have been investigations
into the use of serum proteins as predictive factors,
the large-scale analyses performed to date have not
yielded fruitful results.

Where does this leave the field of cancer predic-
tion? It suggests that today clinical and tumor-
related factors, by themselves or in combination,
yield relatively poor predictions. What is required are
molecular factors and, when validated, genomic and
proteomic factors that can be added to the clinical
and tumor-related predictive factors.

The often-heard argument is that the current
methods may be inadequate, and even wrong, but
we have to do something. This is a specious claim. It
is better to use weak, but correct, clinical, tumor-
related, and molecular factors than to claim genomic
and proteomic power that we do not possess. For in
the end, power must be used wisely and, more
importantly, we cannot pretend to have power when
we do not. We are not the Wizards of Medicine.

Finally, the ability to predict the future must be
tempered with an existential humility. Within the
hubris of our denial lurks the certainty of death,
where knowledge means nothing, the will to fight
means nothing, and the skill of the physician means
nothing.'* The end must come to us all, but it is our
duty to forestall the patient’s ultimate fate with
whatever powers and arts we possess—including the
power of prediction.
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