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Abstract

Background The American Cancer Society (ACS) suggests using a stratified strategy for breast cancer screening. The strategy
includes assessing risk of breast cancer, screening women at high risk with both MRI and mammography, and screening
women at low risk with mammography alone. The ACS chose their cutoff for high risk using expert consensus.

Methods We propose instead an analytic approach that maximizes the diagnostic accuracy (AUC/ROC) of a risk-based
stratified screening strategy in a population. The inputs are the joint distribution of screening test scores, and the odds of
disease, for the given risk score. Using the approach for breast cancer screening, we estimated the optimal risk cutoff for two
different risk models: the Breast Cancer Screening Consortium (BCSC) model and a hypothetical model with much better
discriminatory accuracy. Data on mammography and MRI test score distributions were drawn from the Magnetic Resonance
Imaging Screening Study Group.

Results A risk model with an excellent discriminatory accuracy (c-statistic = 0.947) yielded a reasonable cutoff where only
about 20% of women had dual screening. However, the BCSC risk model (c-statistic = 0.631) lacked the discriminatory
accuracy to differentiate between women who needed dual screening, and women who needed only mammography.
Conclusion Our research provides a general approach to optimize the diagnostic accuracy of a stratified screening strategy
in a population, and to assess whether risk models are sufficiently accurate to guide stratified screening. For breast cancer,
most risk models lack enough discriminatory accuracy to make stratified screening a reasonable recommendation.
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Introduction

In cancer screening, more intensive screening strategies are
often recommended for people whose risk of cancer exceeds
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The underlying assumption of stratified screening is that for
people at high risk, the benefits of detection outweigh the
possible harms of additional screening. The early detection
of cancers can reduce mortality, and improve the quality
and length of life [16, 30]. Yet cancer screening can also
lead to false-positive exams, undesirable events for anyone
seeking cancer screening. The problem is compounded with
regular screening, since even a low false-positive rate can
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lead to a high cumulative false-positive rate. For example,
regular mammography screening will result in at least one
false-positive exam for 50% of women who undergo yearly
mammography over 10 years [12].

While stratified screening strategies have some appeal,
the question is how to decide who should get intensive
screening. In many cases, expert panels choose the risk
level at which more intensive screening is recommended.
Although expert panels usually select the risk cutoff after
a review of evidence, development of guidelines may still
be subjective. To illustrate the issue, consider the American
Cancer Society (ACS) guidelines for adjunct breast MRI
screening [33]. The ACS recommends that women over 30
years of age who have between 20 and 25% lifetime risk
of breast cancer be screened with contrast-enhanced breast
MRI in addition to mammography [33]. No information is
given in the document as to how the cutoff for additional
screening was chosen. In addition, a risk cutoff between 20
and 25% may leave women and their personal physicians
without clear guidance for how to proceed.

Perhaps in light of this lack of clear guidance, Dr. Otis
Brawley, the Chief medical and scientific officer of the
American Cancer Society, argues that processes for devel-
oping risk cutoffs for cancer screening should be transpar-
ent [9]. One approach to make the process more transpar-
ent is to use an analytic approach to determine an optimal
screening strategy, a tack taken by a variety of authors. Pepe
et al. [26] assessed the classification power of biomarkers.
Baker et al. [6] suggested using a utility function to assess
whether combinations of biomarkers would result in a use-
ful screening regimen. Gail and Pfeiffer [13] used a loss-
function approach to model a risk-tool-based decision for
further screening. In a loss-function approach, one assigns a
penalty to wrong decisions. Wrong decisions include falsely
diagnosing disease in someone who is disease-free, and
incorrectly declaring no disease in someone who has cancer.

In response, we propose instead a metric designed to
measure the diagnostic accuracy of a stratified screening
strategy, without consideration of cost or loss. The approach
mirrors that used in the medical literature, where criteria
based on accuracy often appear before any consideration of
cost. For example, it took almost 3 years after Pisano et al.
[27] compared the diagnostic accuracies of digital and film
mammography for Tosteson et al. [38] to compare the cost-
effectiveness of the two modalities. The rapid adoption of
digital mammography, despite the lack of documentation of
cost-effectiveness, suggests that accuracy, not cost, is the
true metric that drives adoption of screening techniques.

In order to provide a method to quantify the population-
wide accuracy of a screening strategy, we define a popula-
tion-based metric of diagnostic accuracy, based on a popu-
lation-wide receiver-operating characteristic (ROC) curve.
A population-wide ROC curve for a strategy is a measure of
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the sensitivity and specificity of the strategy across all risk
spectra of the population. For the population-wide curve,
appropriate weighting is used to account for the differential
risk of disease within each stratum. In turn, the area under
the population-wide ROC curve quantifies the diagnostic
accuracy of a screening strategy.

Using area under the ROC curve (AUC) as a metric, we
propose a method to optimize the risk cutoff that defines
the more intensely screened group. To illustrate the utility
of the method, we find an optimal risk cutoff for the Breast
Cancer Surveillance Consortium (BCSC) risk model [7]. For
comparison, we apply the method to a hypothetical example
where the risk-assessment model has much greater discrimi-
natory accuracy than the BCSC risk model. Results of this
work are intended to help investigators choose evidence-
based risk cutoffs that optimize the diagnostic accuracy of a
stratified screening strategy.

Methods
Analytic approach

We describe a method to obtain a risk cutoff that maximizes
the diagnostic accuracy of a stratified screening strategy in a
population. The approach requires two inputs: (1) the joint
distribution of screening test scores, and (2) the odds of dis-
ease given the risk score.

Assumptions and notation

Figure 1 shows a stratified screening strategy similar to the
one suggested for breast cancer by Saslow et al. [33]. Every
person undergoes risk assessment. People at high risk are
given two screening tests. People at low risk are given one
screening test. A high score on either or both screening tests
indicates that the strategy is positive for disease. Typically, if
the strategy is positive, a study participant would be referred
for further work-up which may lead to a confirmatory test,
such as biopsy. For the purpose of this research, we assume
that when a person has two screening tests with different
scores, the maximum score of the two tests is used. This
“worst-scenario” approach corresponds to that described in
Sardanelli et al. [32, p. 98]

We assume that the two screening tests used in a strati-
fied screening strategy have the same scale, and thus, the
same threshold for suspicion of disease on either test. The
requirement that the two screening tests are scored on the
same scale is often made so that clinicians do not have to
make assumptions about how one scale compares to another.
It is a common practice in breast cancer screening, in which
film-screen mammography, digital mammography, and
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Fig. 1 Stratified screening
strategy with two screening tests

Participant

contrast-enhanced breast MRI are usually rated using the
same scale [14, 15, 18-22, 32, 43, 44], known as BI-RADS
[34].

Finally, we assume that both the receiver-operating
characteristic (ROC) curves and the diagnostic accuracies
(AUC:S) of the screening tests are independent of the risk
score. This assumption is reasonable when the physical pro-
cess by which the screening test operates does not depend
on the same process that modifies risk. For example, the
sensitivity and specificity of screening breast MRI appear
to be independent of family history, a surrogate measure of
risk [18-20, 22].

Individuals at high risk are given two ordinal categorical
screening tests: screening test A and screening test B. Indi-
viduals at low risk are given only one screening test, test A.
For each screening test, assume that the higher the screening
test score, the higher the likelihood of disease. We assume
that the two screening tests are scored independently.

Let y,; be the screening test score for individual
ie{l,2,...,N}, with disease status d € {c,n} on the
screening test j € {A, B}. Here c indicates the presence of
disease and n indicates the absence of disease. Let T be the
number of possible outcomes for the two screening tests, so
that each test can take on one value from the possible set of
outcomes t € {1,2,...,T}. Test scores for individuals with
disease and without disease each have a potentially bivari-
ate discrete probability mass function. For a given disease
status and for ¢, and 5 € {1,2, ..., T}, assume that the two
tests have a bivariate discrete probability mass function
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Strategy
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Test A

Test A suspicious?

Strategy
negative

Fania(Vias = ta>Yiap = t5ld) = Wy 1,a» Where w, , ; is the
probability that screening test A and screening test B take
on values #, and t , respectively. Under these assumptions,
we have that

T T
2 Z Wiytgn = L, (1)

=1 tz=1

and

T T
z Z W’A’BC =1 (2)

ty=1tp=1

Recall our assumption of a common cutoff score of 8 for
both screening tests. For a high-risk participant, the strati-
fied screening strategy is positive if (yidA > 0), (y,-dB > 0),
or both. For a low-risk participant, the stratified screening
strategy is positive only if (yidA > 0),

Let f,(z) and F,(z) be the probability density and
cumulative distribution functions for the risk scores,
respectively, where Z € [zmin,zm.dx]. Here, the risk
score is assumed to have a continuous distribution. Let
AeE [zmin, zmax] be the risk cutoff for categorizing an indi-
vidual as low or high risk for cancer: individuals with risk
scores less than A are deemed low risk, while those with
risk scores greater than or equal to A are high risk. Let the
index k € {/, h} denote risk strata. The probability that a
person will be classified as low risk is r/(1) = Pr[Z < A].
The probability of being high risk is r,(1) = 1 — r;(4).
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Let 7, 7;,(A) and 7;(A) be the prevalences of disease in the
general screening population, the high-risk stratum, and the
low-risk stratum, respectively. Let D* be the event an indi-
vidual has disease. Let Pr{D*|Z = z} be the conditional
probability an individual has disease, given a risk score. From
Eqgs 6.6, p. 278, [29], the prevalence of disease in each stratum
is given by

A

m(A) = / Pr{D*|Z =z} f,(2)dz 3)
and
7,(A) = — m(A) = / Pr{D*|Z = 2} f,(2)dz. 4)

i

Note that with A = z,,,,, 7,(1) = 7;(2pa ) = 7. Similarly,
with A =z, 7,(4) = ﬂ,(zmin) =nr.

For conciseness, we write r;(1) and 7,(4) as x; and x,,,
respectively. Similarly, r; and r;, denote the proportion of
the entire population classified as low risk and high risk,
respectively.

Sensitivity and specificity of the stratified screening

The sensitivity for screening test B is given by

T T
5= 2 2 Wie
ty=11,=0

(©)
The specificity of screening test A is given by
0-1 T
Pa= Z Z Wi, tpe (7
1,=11p=1
and the specificity for screening test B is given by
T 0-1
PE= 0, D Wi ®)

=1 15=1

To derive formulae for the sensitivity and specificity of
the stratified screening strategy, we give the probability of
every possible outcome for the stratified screening strategy
(Table 1).

The number of true positives (TP) for the strategy is the
number of people called positive by the strategy who do, in
fact, have cancer. False positives (FP), true negatives (TN), and
false negatives (FN) are defined similarly. Then the sensitivity
of the strategy is given by

TP
strategy Sens(0, A) = TP+ EN’ )
The sensitivity and specificity of the stratified screening strat-  and the specificity by
egy depend on the sensitivity and specificity values for the TN
two component screening tests. The sensitivity for screening ~ Spec(d, 1) = TN+ FP’ (10)
test A is given by
where
T T

8= 20 D Wi 5) o7

1,=0 ty=1 Jn = T X7 X Z Z Wi,the (n

14=0 =0

Table 1 Stratified screening strategy outcomes and associated probabilities
Risk Level Disease Test A Test B Strategy Probability
High + + + + I
High + - + + S Ty T =
High + + - + SA T T =
High + - - - (”h'rn—ss‘”h'rh)—(SA'”h"h _jh)
High - + + + (Vh—”h"’h) - D4 (rh—zr,,-rh) - (pB- (r,,—zrh~rh) —gh)
High - - + + pa- (ry=my-1) =8
High - + - + Pp- (rh_”h'rh>_gh
High - - - - 8
Low + + No value + Sp Ty
Low + - No value - T =Sy T Ty
Low — + No value + (rl - rl) —P4- (r, - - rl)
Low - - No value - Pa- (rl - rl)
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-1 6-1
g =ry % (1= m,) x {Z ZWW}, (12)

ty=11p=1

TP =(ji,) + (sg - 7, - 14 —Ji)
+ (SA Ty Ty _jh) + (SA RN rl)’

13)

FP :[(rh -, rh)
—Pa- (Vh U rh) - (PB ) (rh e ”h) —8h)]
+ [pa- (= m, 1) — &) (14)
+ |pg - (=7, 1) = 8]
+[(r=m-n) =pa- (r=m 1),

FN:[(”h‘rh—SB'”h"’h) - (SA Ty Ty _jh)]
(15)
+ (ﬂl—SA ST rl),

and

TN =g,+ [ps- (== -1)]. (16)

Calculating the diagnostic accuracy of the stratified
screening strategy

Equations (9) and (10) define a receiver-operating char-
acteristic curve for the stratified screening strategy as a
function of the risk cutoff, lambda. We can assess the
diagnostic accuracy of the stratified screening strategy for
each risk cutoff using the area under the receiver-operating
characteristic curve (AUC). We calculate the AUC of the
stratified screening strategy for each risk cutoff using a
trapezoidal rule approximation [37].

Recall that in a stratified screening strategy, all people
are assessed for risk of disease using a risk model, and
those people with risk scores above a risk cutoff are given
more intensive screening. Both the ROC curve and the
AUC for the stratified screening strategy depend on the
choice of risk cutoft for the strategy. Because the ROC and
AUC depend on the risk cutoff, the diagnostic accuracy
of the stratified screening strategy is a function of the risk
cutoff.

Finding the risk cutoff that maximizes the diagnostic
accuracy of the stratified screening strategy

We used a grid search approach [37] to identify an optimal
risk cutoff for the strategy, A*, which maximizes the AUC
of the strategy. When no maximum exists, one approach is

to select A* = 4,,,. This choice corresponds to a screening
strategy where all participants are given only Test A. Alter-
natively, one could choose A* = A, . This cutoff choice
corresponds to adopting a screening strategy where all par-
ticipants are given both screening tests. Giving everyone
in the population both screening tests is a useful strategy
when the two screening tests produce better diagnostic
accuracy than either component screening test alone.

Methods for real and hypothetical examples

To evaluate the performance of the proposed stratified
screening strategy, we require the following information:
(1) the joint distribution of screening test scores and (2)
the distribution of the risk scores in the general population.
From this information, we are able to calculate the AUC of
the strategy for a given risk score cutoff.

We provide two examples. In the first example, we use a
risk model with moderate discriminatory accuracy devel-
oped with data from the Breast Cancer Screening Consor-
tium (BCSC) [7]. In the second example, we use a hypo-
thetical risk model with high discriminatory accuracy. The
hypothetical risk model has higher discriminatory accuracy
than the BCSC model (c-statistics of 0.947 versus 0.631).

Breast Cancer Screening Consortium example

We used publicly available data from the Breast Cancer
Screening Consortium (BCSC). The data included the pres-
ence or the absence of cancer, and a risk score calculated
using the BCSC model [7]. The BCSC model is a risk-
assessment tool based on data from over 2 million women,
aged 35 years or older, who had no previous breast cancer
and did not have breast augmentation. The data are from
community-based registries and cover a broad geographic
swath of the United States. The BCSC model provides an
estimate of the 5-year risk of breast cancer. Scores on the
BCSC risk model range between 0.0 and 0.04. A score of
0.04 reflects a 5-year probability of cancer of approximately
0.025. The risk-assessment tool had a c statistic of 0.631
(95% confidence interval [CI] = 0.618-0.644) for pre-men-
opausal women and 0.624 (95% CI = 0.619-0.630) for post-
menopausal women [7]. The c statistic is a measure of dis-
criminatory accuracy of a risk prediction model, and ranges
between 0.5 for a risk-assessment tool no better than chance
and 1.0 for a perfect risk-assessment tool [17].

The empirical distribution of risk scores in the screening
population, f,(z), was estimated from the BCSC data [7].
We show the empirical distributions of the risk scores con-
ditional on disease status in Fig. 2a. Note that the calculation
of the probability of breast cancer given the risk score uses
the unconditional empirical distribution of the risk scores
(i.e., the risk scores for both the cancers and the noncancers
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Fig.2 Optimal risk cutoft for adjunct screening using the BCSC risk
model
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combined). We display the conditional empirical distribu-
tions to illustrate the large amount of overlap between the
two distributions. The large overlap is the underlying reason
for the BCSC model’s modest discriminatory ability.

Most models predict incident risk; however, for the appli-
cation of our method, we utilize the BCSC risk model data
to estimate the prevalence of cancer in a screening popula-
tion. The probability of breast cancer given the risk score,
Pr{DJr |Z = z}, was estimated from the BCSC assigned five-
year risk scores by regressing the risk score on disease status
indicator. The probability of disease given the risk score was
estimated with the inverse logit as shown in Eq. (17), with
fo=—7.4and f; =92.7,

exp(fy +28,)
exp(f, +28;) + 1

Pr{D*|Z=17} = (17)

The probability of disease given the BCSC risk score is
shown in Fig. 2b.

The joint distribution of MRI and mammography test
scores was obtained from unpublished data from the study
of Kriege et al. [18]. Briefly, 1909 women with a cumulative
lifetime risk of 15% or more were screened every year by
mammography and MRI. Each modality was scored inde-
pendently using a standardized Breast Imaging Reporting
and Data System (BI-RADS) scale. Women were followed
for the development of breast cancer for a median of 2.9
years. Of the 1909 women, 1795 had data on both mammog-
raphy and MRI for at least one visit. Most women had multi-
ple rounds of screening and BI-RADS scores for both mam-
mography and MRI. To ensure that each woman appeared in
the dataset only once, we used the following approach. For
women who eventually developed breast cancer (N = 45),
the last screening scores before diagnosis were used. For
women with no evidence of breast cancer, (N = 1750), one
pair of BI-RADS scores, including one for mammography
and one for MRI, were chosen at random from all of the
woman’s screening examinations. The AUC for mammog-
raphy alone was 0.686, while the AUC for screening breast
MRI was 0.827 [18].

Hypothetical Risk Model Example

We were curious to evaluate whether a risk prediction tool
with better discriminatory accuracy yielded a clearer choice
for a risk model cutoff, and thus we simulated a stratified
screening strategy with a better diagnostic accuracy.

Risk models have low discriminatory ability if the dis-
tribution of risk scores for women with disease and women
without disease substantially overlap, the case is shown for
the BCSC risk tool results in Fig. 2a. Instead, we made dis-
tributional assumptions for the risk scores so that there was
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a strong separation between scores for women with disease
and without disease. We assumed that risk scores for women
without breast cancer had a beta distribution with param-
eters « = 3 and § = 21. We assumed that the risk scores for
women with breast cancer were beta-distributed with param-
eters « = 9 and f = 21. We fixed the prevalence of disease
at 0.006, the prevalence of breast cancer observed in Pisano
et al., [27]. The resulting distribution of risk scores for the
entire population, f,(z), is a mixture of the two beta distri-
butions. The simulated risk score distributions for 100,000
women without disease and 600 women with disease are
shown in Fig. 3a.

Using logistic regression on the simulated data, we fit the
probability of disease given the risk score Pr{D*|Z = z}.
The model fit yielded f, = —7.73, and f; = 29.64, using
Eq. (17). The model had good predictive accuracy with a
¢ statistic of 0.947, much better than the c¢ statistic for the
BCSC risk-assessment tool [7]. The probability of disease
given the risk score is plotted in Fig. 3b.

The joint distribution of test scores for mammography
and MRI was obtained as described above.

Results

Optimal risk score cutoff based on the Breast Cancer
Screening Consortium (BCSC) Model

As shown in Fig. 2c, the optimal risk score cutoff for maxi-
mizing the AUC of a stratified screening strategy that uses
the BCSC risk-assessment model is A* = 0.0031, which cor-
responds to a five-year breast cancer probability of 0.0008.
The optimal risk cutoff appears in Fig. 2c as a vertical line
occurring at the risk score where the AUC is maximized.
Using this risk cutoff value yields an AUC for the strategy
of 0.885.

A stratified screening strategy with a risk cutoff of
A* = 0.0031 would mean that every woman in the screen-
ing population with a BCSC 5-year risk score greater than
0.0031 would be screened with both digital mammography
and contrast-enhanced screening breast MRI. Based on the
BCSC data this would result in more than 99% of the general
screening population receiving both tests, an absurd result.
The BCSC model lacks the discriminatory accuracy to dif-
ferentiate between women at high risk, who require screen-
ing with both mammography and MRI, and women at low
risk, who require mammography alone.

Optimal risk cutoff based on a hypothetical risk
model with high discriminatory accuracy

As shown in Fig. 3c, the optimal risk score cutoff for maxi-
mizing the AUC of a stratified screening strategy that uses

No Disease
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Fig.3 Optimal risk cutoff for adjunct screening using a hypothetical
model with high discriminatory accuracy
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the hypothetical risk-assessment model is A* = 0.16. Again,
the optimal risk cutoff appears in Figure 3c as a vertical line
and occurs at the point where the AUC is maximized. Using
this risk cutoff value yields an AUC for the strategy of 0.90.

The results indicate that in order to optimize the AUC
of a stratified screening strategy based on the hypothetical
risk-assessment tool considered in this section, every woman
with a risk score greater than 0.16 on the hypothetical risk
model should be screened with both digital mammography
and contrast-enhanced screening breast MRI. This would
result in 20% of the population receiving both tests, with
the rest screened only with digital mammography. When
a risk model has excellent discriminatory accuracy, the
choice of a cutoff is clear. Using this cutoff maximizes the
accuracy of the stratified screening strategy for the entire
screening population.

Discussion

We demonstrate a single analytic approach for identifying an
optimal cutoff for a risk-based stratified screening strategy.
The approach maximizes the AUC of the stratified screen-
ing approach in a screening population. The approach uses
mathematical criteria and empirical data, rather than expert
opinion to identify a risk threshold for adjunct screening
with a secondary test. The work presented in this manuscript
has the potential to inform cancer screening recommenda-
tions for a variety of disease sites, in addition to the breast
cancer case considered in the examples.

If the only risk models available have poor discriminatory
accuracy, using a risk model to determine the intensity of
screening may not be a good approach, a finding that mir-
rors that of Wald et al. [40]. The discriminatory accuracy of
arisk model measures the probability that a risk model will
correctly differentiate between those who will develop dis-
ease and those who will not. Using a risk-assessment model
with low discriminatory accuracy means that the risk model
often provides incorrect classification. The risk model can-
not discriminate between those who will and those who will
not develop disease. Because the risk model is often wrong,
there is essentially no improvement between a strategy
where all women are screened with both tests (shown on the
far left of the horizontal axis in Figure 2c), and a stratified
screening strategy where women are first risk assessed and
then receive screening based on their personal risk.

Using a risk model with poor discriminatory accuracy,
any algorithm seeking to choose an optimal risk cutoff for
a stratified screening strategy will produce unacceptable
results. Using the BCSC risk model, we obtained a risk cut-
off that suggested 99% of women presenting for breast cancer
screening should be screened with both contrast-enhanced
breast MRI and mammography. Yet such a strategy would
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never be accepted by women and their physicians, or third-
party payers. It could be clinically implemented with fast
breast MRI used everywhere, but costs would be enormous.

Our results indicate that matching screening intensity to
risk is a good strategy only when the risk-assessment tool
has good discriminatory accuracy. This result agrees with
those of other authors, who used alternative rationales to
achieve the same conclusion [6, 13]. While no current risk
model for breast cancer has a c-statistic as good as the
model we posit in Section 3.2 [2], it is the hope that future
models that incorporate genetic and epigenetic informa-
tion may perform better. With better risk models, stratified
screening strategies using our optimization strategy would
be practical and would improve cancer screening.

One limitation of our work is that the real data example
we chose uses the BCSC risk model. It is important to
note that the ACS [33] recommended evaluating lifetime
risk of breast cancer using models that are largely depend-
ent on detailed family history, such as the BRCAPRO,
Claus, or Tyrer-Cuzick models [8, 10, 39], not the BCSC
model. However, evaluation of the performance of any
one of these models is not currently possible. Our method
requires, as an input, the probability of disease (prevalent
screen detectable disease), given the risk score. Yet this
distribution for the BRCAPRO, BOADICEA, Claus, or
Tyrer-Cuzick models [3, 8, 10, 39] is not readily avail-
able. Although Amir et al. [2] evaluated the probability of
breast cancer incidence given risk assessment with either
the Tyrer-Cuzick or Claus models [2, Figure 1, p 812],
their data are not publicly accessible.

Another possible limitation is that we assumed that the
risk score was independent of the performance of the two
screening tests. Yet the BCSC model includes breast den-
sity as an input [7]. In addition, breast density is associated
with the sensitivity and specificity of mammography [27].
This contravenes our assumption of the independence of the
risk-assessment model and the performance of the screening
tests. We chose to keep the BCSC example, since we could
find no other published, freely available dataset containing
the population distribution of risk scores.

One other potential limitation is our use of the Kriege
et al.’s [18] data to estimate the joint distribution of the
mammography and MRI scores. The Kriege et al.’s [18]
study used mostly screen-film mammography. Since their
study, there has been widespread adoption of digital mam-
mography. In addition, since the Kriege et al.’s [18] study
occurred, radiologists’ experience and their skills with
breast MRI have increased. Even with these potential limi-
tations, it is unlikely that the results of our analysis would
change much with updated data. In addition, the goal of
this manuscript is to demonstrate the applicability of our
method. In the future, our results could be updated using
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new information once updated data on the diagnostic accu-
racy of MR and mammography become available.

A potential bias occurs in our results because Kriege et al.
[18] only enrolled women at high lifetime risk. We used
these data under our assumption that the screening test score
is independent of the risk, and hence, any estimate, even an
estimate from a high-risk population, would be valid. This in
fact may not be true. If we could obtain data from a general,
low-risk population on the joint distribution of mammog-
raphy and MR scores, we could evaluate the validity of the
assumption. Such data are difficult to obtain.

Some authors have suggested using partial AUC or the
Youden’s index instead of the full area under the receiver-
operating characteristic curve [23, 24], the metric used in
this manuscript. Our rationale for using full area under the
curve follows. In most breast cancer papers [18-20, 22, 27],
the full area under the curve is used as the metric, due to the
nature of the detection task. For a continuous biomarker,
typically follow-up testing is only done for extreme values
of the biomarker, i.e., for parts of the curve where sensitiv-
ity is high and specificity is low. When radiologists review
mammography or breast MRI images, sometimes a radiolo-
gist will see a salient detail that nintey-nine out of one hun-
dred other readers would miss. Thus, detection of cancer
may occur even in cases where the sensitivity is low, and
the specificity is high. Thus, consideration of the full curve
reflects the true clinical picture. In many cases other than
breast cancer screening [41], a partial area under the curve,
both for the test and for the population, may have merit. An
extension of our method could be achieved by changing the
numerical algorithm to use partial AUC, or the Youden’s
index as the metric.

Extensions to situations with multiple screening tests
could certainly be considered in the framework we have
set up in this paper. Another extension would be to derive
similar probabilistic approaches for more complex strati-
fied screening strategies, such as those with more than one
risk-assessment tool or more than two possible screening
approaches. Radiologists conducting breast cancer screening
might be interested in guidelines for adding either whole-
breast ultrasound or breast MRI to mammography. Finally,
the method could easily apply to models which predict risk
for short fixed time horizons (< 10 years), rather than for
the remaining lifetime. The advantage of using short time
horizon risk models is that most risk models are only vali-
dated for short horizons, and are therefore more accurate in
the short term [28].

In this manuscript, we provide an approach for optimizing
the diagnostic accuracy of a stratified screening strategy by
choosing an appropriate risk cutoff. Yet in the end, diagnos-
tic accuracy should not be the only factor used to determine
how one should screen for cancer. The most important fac-
tor used to determine whether and what kind of screening

should be implemented is whether the screening program
leads to a mortality reduction and how large the mortality
reduction is. Many countries have suggested adding MRI to
mammography screening programs for high-risk groups [31,
33]. The argument for adding MRI to the screening regimen
has mostly been driven by expert opinion, in turn motivated
by data that suggest that screening with MRI may reduce
cancer stage[18, 42].

While our approach only considers diagnostic accuracy,
and not mortality reduction, our manuscript provides a first
step. The next step is to use our approach to choose a risk
cutoff, and then use simulation-based models that predict
mortality reduction and the risk of false-positive screens to
evaluate the effects on mortality, morbidity, and cumulative
false-positive rate.

Although this paper applied our method to breast cancer
screening with mammography or MRI, the methods could
also be applied to evaluate the utility of other modalities in
breast cancer screening. In addition, randomized controlled
clinical trials have demonstrated that screening yields mor-
tality reduction in colon [5], lung [1] and oral [30] cancer.
The methods of this manuscript could be used to find appro-
priate risk cutoffs to optimize stratified screening strategies
for these other disease sites. In fact, the approach has the
potential to perform better at other sites since other cancers
may have single, and very strong risk factors, such as the
odds ratio of 33.6 for oropharyngeal cancer among those
who are HPV-16 L1 seropositive, nonsmokers, and non-
drinkers [11].

The methods presented in this paper fulfill Dr. Brawley’s
call for transparent processes for developing risk cutoffs
for cancer screening [9]. Instead of using expert opinion to
choose a cutoff, standards-setting bodies like the American
Cancer Society could use this approach to optimize the diag-
nostic accuracy of a screening strategy.
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