
Gene expression profiling and breast cancer care:
What are the potential benefits and policy
implications?
Nina Oestreicher, PhD MS,1,2 Scott D. Ramsey, MD PhD,1,2 Hannah M. Linden, MD,1,2

Jeannine S. McCune, PharmD,1,2 Laura J. van’t Veer, PhD,3 Wylie Burke, MD PhD,1 and
David L. Veenstra, PhD PharmD,1

Purpose: Gene expression profiling has been proposed as an alternative to clinical guidelines to identify high-risk

patients for adjuvant chemotherapy. However, the outcomes associated with gene expression profiling are not

clear, and guidelines for the appropriate use of genomic technologies have not been established. Methods: We

developed a decision analytic model to evaluate the incremental cost and quality-adjusted life years of gene

expression profiling versus NIH clinical guidelines in a hypothetical cohort of premenopausal early stage breast

cancer patients 44 years of age. We conducted empirical analyses and identified literature-based data to inform

the model, and performed probabilistic sensitivity analyses to evaluate uncertainty in the results. We interpreted

the implications of our findings for treatment guidelines and policies. Results: Use of gene expression profiling

resulted in an absolute 5% decrease in the proportion of cases of distant recurrence prevented, 0.21 fewer

quality-adjusted life years, and a cost savings of $2882. The chosen test cutoff value to identify a tumor as poor

prognosis and the cost of adjuvant chemotherapy were the most influential parameters in the analysis, but our

findings did not change substantially in sensitivity analyses. Regardless of the test cutoff used to identify a poor

prognosis tumor, the gene expression profiling assay studied in our analysis, at its current level of performance,

did not attain the threshold sensitivity (95%) necessary to produce equal or greater quality-adjusted life years than

NIH guidelines. Conclusion: Although the use of gene expression profiling in breast cancer care holds great

promise, our analysis suggests additional refinement and validation are needed before use in clinical practice.
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Breast cancer is the leading incident cancer among women
of all major ethnicities in the United States and is the second
highest source of cancer mortality.1 Adjuvant chemotherapy
has been shown to increase recurrence-free and overall surviv-
al,2 but also may produce significant toxicity in the patient.
Chemotherapy may cause short-term complications such as
alopecia, nausea/vomiting, and myelosuppression and may
lead to longer term complications such as permanent ovarian
failure in premenopausal patients.3,4 Current NIH clinical
guidelines5 recommend adjuvant chemotherapy for women
with tumors larger than 1 cm or lymph node involvement.
Additionally, tumor markers such as HER2 and histologic

grade are used for risk assessment.6,7 Despite widespread use,
these criteria are imprecise predictors of distant recurrence.8

Gene expression profiling (GEP) utilizing DNA microar-
rays9 or RT-PCR10 has been proposed as an alternative ap-
proach to identify patients for adjuvant chemotherapy,11 po-
tentially sparing low-risk patients from this treatment. There
are predominantly two gene expression profiles currentlymar-
keted for clinical use in breast cancer. One of these profiles,
MammaPrint, was developed by van’t Veer and colleagues at
the Netherlands Cancer Institute and is marketed in Europe
(and soon will be marketed in the United States) by Agendia.12

The other test, Oncotype DX, is marketed by Genomic Health,
Inc. in the United States. The assay marketed by Agendia uti-
lizes a 70-gene microarray-based profile performed on fresh
frozen tissue and is intended for patients younger than 55 years
with Stage I invasive breast cancer or Stage II node negative
invasive breast cancer. In contrast, the test marketed by
Genomic Health uses a 21-gene profile utilizing RT-PCR for
expression analysis on paraffin-embedded tissue and is in-
tended for patients with node-negative, estrogen receptor–
positive (ER�) disease who are taking tamoxifen. Both com-
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panies are conducting clinical trials in the United States and
Europe to validate their respective expression profiles. Also,
there are gene expression profiles in development, such as the
one by Ipsogen, a biotechnology company based in France.13

In considering the adoption ofGEP in clinical practice, a quan-
titative evaluation of the clinical and economic outcomes and
impact on patient quality of life can clarify the potential
tradeoffs compared to current practice. Despite the potential
importance of this type of analysis to clinical decision-making
about GEP, there have been few such evaluations.14

The objective of this studywas to estimate the cost-effective-
ness of theNetherlands Cancer Institute GEP assay versusNIH
guidelines for the identification of early stage breast cancer
patients who would benefit from adjuvant chemotherapy, and
to assess the implications of our findings for practice guide-
lines. The profile we used for our analysis has shown promise
for accurate prediction of high-risk women (compared toNIH
guidelines) in early studies.9,15 We directly evaluated test char-
acteristics in our analysis to assess the accuracy and prognostic
value of identifying high-risk women using GEP.

MATERIALS AND METHODS

We utilized decision analytic techniques to compare GEP
and NIH clinical guidelines as prognostic tests to evaluate the
risk of distant recurrence for women with early stage breast
cancer. Our analysis considered a hypothetical cohort of pre-
menopausal women averaging 44 years of age newly diagnosed
with Stage I/II breast cancer. The demographic and clinical
characteristics (e.g., age and nodal status) of this target popu-
lation were chosen to be similar to those of the Netherlands
Cancer Institute cohort, upon which our estimates of test per-
formance (sensitivity, specificity, and positive predictive
value) are based, and for which we derived empirical estimates
for some model parameters.9 Briefly, the Netherlands Cancer
Institute cohort comprised a consecutive series of 295 breast
cancer patients 52 years or younger who had mastectomy or
breast conserving surgery and radiotherapy (if indicated). Fif-
ty-one percent of the cohort had lymph node–positive disease,
77% had ER� disease, 47% had tumors larger than 2 cm, and
40% had high grade tumors.
The initial component of our model consisted of a decision

tree (Fig. 1) that modeled the prognostic categorization and
treatment of women with early stage breast cancer during the
6-month period following breast cancer diagnosis. At the time

of diagnosis, the use of either prognostic test led to identifica-
tion of women at high risk (poor prognosis) or at low risk
(good prognosis). The results of GEP are a continuous mea-
sure, which was dichotomized as “good prognosis” or “poor
prognosis” based on a designated test cutoff from the first val-
idation study of GEP15 that yielded a 10% false-positive rate.
The gold standard for the estimation of test performance was
the actual distant recurrence events in the Netherlands Cancer
Institute cohort. The outcomes of correctly classified cases and
misclassified cases (i.e., those women with a poor prognosis
tumor who were classified as good prognosis and vice versa)
were taken into account in the model. For example, misclassi-
fied cases in the good prognosis groups are reflected by a re-
currence risk greater than zero in those groups. Test sensitivity
and specificitywere not explicitly included as parameters in the
model because test performance was based on empirical anal-
yses of recurrence risk for the good and poor prognosis groups
for GEP and the NIH guidelines.
We assumed all women identified as “poor prognosis” re-

ceived chemotherapy, all women identified as “good progno-
sis” did not receive chemotherapy, and all women lived at least
6 months after diagnosis. The long-term outcomes of these
patients were then projected over their remaining lifetime us-
ing a Markov model (Fig. 2). AMarkov model consists of mu-
tually exclusive clinical outcome states (depicted as ovals),
among which a patient canmove each time period, in this case
defined as 1 year.16 The possible clinical outcome states in-
cluded in our model were: “no evidence of disease,” “distant
recurrence,” and “death” (Fig. 2).Whether or not awomanhas
received chemotherapy as part of her treatment following di-
agnosis per GEP or NIH guidelines, all women began the time
period 6 months after diagnosis responding to treatment (“no
evidence of disease”). From “no evidence of disease,” she could
continue to respond to treatment, experience distant recur-
rence, or die of a non–breast cancer–related cause. Distant
recurrence was considered to be progressive disease; that is,
once a woman experienced distant recurrence, she could no
longer transition to the “no evidence of disease” state. Addi-
tionally, we assumed that once a woman experienced distant
recurrence, costs, and mortality risk were the same for all
women regardless of whether they originally received adjuvant
chemotherapy for the primary tumor.
We adopted a societal perspective for this analysis and fol-

lowed the recommendations of the Panel on Cost-Effective-
ness in Health and Medicine.17 We programmed the model in

Fig. 1. Diagram depicts decision tree portion of decision model for the time period from diagnosis to 6 months subsequent.
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a Microsoft Excel spreadsheet and validated it using decision
analysis software (TreeAge. Release 4.0. Williamstown, MA:
TreeAge Software, Inc., 2004). Study procedures were ap-
proved by the University of Washington Institutional Review
Board.

Model parameters

The model parameters included probabilities of clinical
events, costs, and utilities. Utilities are used to adjust survival
for quality of life, and range from 0 (death) to 1 (perfect
health).17 The value for the main analysis, range of values for
the sensitivity analyses, and data sources for each parameter
are shown in Table 1.

Fig. 2. Diagram depicts Markov model portion of decision model for the time period
from 6months after diagnosis until death, which shows all possible clinical outcomes and
transitions between them.

Table 1
Parameters used in decision model

Parameter Reference-case value (range) Reference

Probabilities (annual)

Distant recurrencea

Gene Expression Profiling Low Risk

Years 1–10 0.018 9

Years 11� 0.009 9

Gene Expression Profiling High Risk

Years 1–10 0.069 9

Years 11� 0.007 9

NIH Guidelines Low Risk

Years 1–10 0.020 9

Years 11� 0.000 9

NIH Guidelines High Risk

Years 1–10 0.047 9

Years 11� 0.008 9

Relative risk for distant recurrence from adjuvant
chemotherapy

65% (�25%) 2

Mortality due to distant recurrence 27% (�25%) 9, 52, 53

Mortality from other causesb 0.01–0.62 18

Utilities

Post-diagnosis: no adjuvant chemotherapy 0.8 (0.6–1.0) 54

Post-diagnosis adjuvant chemotherapy 0.5 (0.3–0.9) 54–56

No evidence of disease 0.9 (0.8–1.0) 26, 54, 57–59

Distant recurrence 0.3 (0.2–0.5) 26, 58–60

Costs

Gene expression profiling $3,460 ($1,960–$4,860) 20

Adjuvant chemotherapy $21,984 ($17,930–$26,037) Attributable cost analysis using reimbursement rates
from a managed care organization, 33, 55, 61–63

Distant recurrence $50,300 ($40,300–$60,300) 55, 56, 60, 61, 64–66

aRecurrence risk depended on prognosis group and duration of “no evidence of disease” state.
bBackground mortality was estimated for 5-year age increments.
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Probabilities of clinical events

We estimated the probabilities of clinical events from em-
pirical analyses performed on patient-level data from the
Netherlands Cancer Institute cohort, which was also the pop-
ulation for a validation study of GEP.9We estimated the prob-
abilities of a patient being identified as good prognosis or poor
prognosis, the baseline risk of distant recurrence for each prog-
nosis group (positive predictive value for poor prognosis
groups, 1-negative predictive value for good prognosis
groups), and the mortality associated with distant recurrence
from Kaplan-Meier survival analyses. In the analysis of risk of
distant recurrence, distant metastases as a first event was de-
fined as a failure and other patients who experienced locore-
gional recurrence, a second primary cancer (including con-
tralateral breast cancer) or death from causes other than breast
cancer were censored. The Netherlands Cancer Institute co-
hort was a consecutive, population-based group of 295 breast
cancer patients � 52 years of age. The median duration of
follow-up was 6.7 years. The cohort had approximately equal
proportions of women with lymph node negative and positive
disease in the GEP and NIH good and poor prognosis groups,
and the majority of the cohort (63%) did not receive adjuvant
chemotherapy. Women in the GEP and NIH guidelines poor
prognosis groups who received chemotherapy appeared to
have more favorable survival compared to women who did
not, which could have produced bias in the estimates of recur-
rence risk for GEP and the NIH guidelines. However, because
there were approximately equal proportions of women who
received chemotherapy in the GEP and the NIH guidelines
poor prognosis groups, the recurrence risk estimates in the
GEP and NIH guidelines poor prognosis groups should be
equivalently biased, and should not affect the comparative re-
currence risk estimates. The probability of death from causes
other than breast cancer was obtained from US life tables.18

Risk reduction from adjuvant chemotherapy

Results from the Early Breast Cancer Trialists’ Collaborative
Group meta-analysis of adjuvant systemic therapy2 suggest
that for women � 50 years old with early stage breast cancer,
chemotherapy reduces the 10-year risk of distant recurrence by
35%. We applied this risk reduction to the yearly recurrence
risks for the poor prognosis groups (positive predictive value),
which ensures that the chemotherapy benefit in reducing re-
currence risk is applied only to those women in whom the
disease would recur in the absence of chemotherapy. The way
we incorporated the risk reduction from adjuvant chemother-
apy in the model arises from the simple assumption that ad-
ministering chemotherapy to a woman in whom the disease
will not recur cannot reduce her risk of recurrence. Because
GEPwas designed and validated to identify women at high risk
of distant recurrence, and because the prognosis of women
with distant as compared to locoregional recurrence is less fa-
vorable,19 we did not consider the risk of local or regional re-
currence. In the Netherlands Cancer Institute cohort, 4% of
the women had locoregional recurrence, versus 34% with dis-
tant recurrence.

Economic costs

We included direct medical and nonmedical (time and
transportation) costs in our calculations. A different GEP as-
say, targeted to lymph node–negative, ER� women recently
has been marketed for clinical use in the U.S. at a price of
$3460.20 We used this price as an estimate for the cost of the
GEP assay studied in our analysis, and varied the cost in sensi-
tivity analyses. We assumed that it was costless to use NIH
clinical guidelines, as tumor size and lymph node status, which
form the basis for the guidelines, are routinely collected at pa-
thology review.
Direct medical costs for breast cancer care were based on

estimates from the published literature and empirical analyses.
We assigned costs to distant recurrence and adjuvant chemo-
therapy and did not assign a cost for “no evidence of disease.”
To assign costs to distant recurrence, we incorporated point
estimates for the annual/episodic costs of breast cancer treat-
ment from the literature. We assigned a one-time cost to dis-
tant recurrence that represents the total cost from onset of
distant recurrence until death.We considered studies thatwere
(1) conducted in a U.S. health care setting, (2) estimated costs
for the relevant clinical outcomes, (3) were published after
1990, and (4) explicitly described their methods. We found a
limited number of studies of adjuvant chemotherapy costs in
breast cancer; most costs were estimated for older chemother-
apy regimens and there was substantial variation in reported
results ($5,000–$16,000). We thus undertook an attributable
cost analysis using managed care reimbursement data,21 and
statistical methods that account for censored data.22,23 This
approach estimated chemotherapy attributable costs as the dif-
ference between the cancer attributable costs of women with
chemotherapy and women without chemotherapy. Briefly, we
identified cases from a linked database of claims records from a
health plan covering persons under age 65.Womenwith breast
cancer in this plan were identified using the Surveillance, Epi-
demiology, and End Results (SEER) registry. Resource prices
were based on reimbursements from the managed care orga-
nization. Women with chemotherapy in the database received
a variety of agents and may have also received supportive care
agents and/or hospitalization for complications from the che-
motherapy. Because we computed incremental costs, the costs
of adjuvant chemotherapy and distant recurrence were the
only breast cancer treatment costs included in the model.
Thus, we did not evaluate other treatment costs for the primary
tumor, namely surgery and radiation therapy. All costs are rep-
resented in 2003 US dollars.
We estimated direct non medical costs by multiplying the

estimated number of hours spent traveling to treatment facil-
ities and in treatment (personal communication, Jeannine S.
McCune, June 6, 2003) by the average hourly wage for women
($13.48/hour) in the U.S.24 Transportation costs were esti-
mated based on typical miles traveled per visit (20 miles), cost
permile (36 cents, per IRS automobilemileage reimbursement
rates), and cost of parking ($2). The nominal cost of lost wages
and transportation ($300) was overwhelmed in the analysis by

Gene expression profiling in breast cancer

July/August 2005 � Vol. 7 � No. 6 383



the considerable costs of GEP and chemotherapy, so that a
more accurate estimate of these costs was not necessary.

Quality of life (Utilities)

Utility weights were based on estimates reported in the lit-
erature. Utilities refer to the preferences individuals or society
may have for any particular set of health outcomes and, in our
study, allows for the adjustment of survival for quality of life.25

A utilitymay range from 0.0 (death) to 1.0 (perfect health).We
considered those studies that were published after 1990 and
used the standard gamble or time tradeoffmethods to estimate
utilities.17 We included studies that estimated utilities for clin-
ical outcomes in the model, with explicitly described methods
and results that were stated numerically. While it would have
been preferable to utilize estimates obtained from community-
based samples,17 few such studies were available.26We assigned
utilities to the following clinical outcomes: 6 months after di-
agnosis, no chemotherapy; 6 months after diagnosis, with che-
motherapy; “no evidence of disease” and “distant recurrence.”
The utility value for “6 months after diagnosis, with chemo-
therapy” is lower than the utility value for “6 months after
diagnosis, no chemotherapy” because of the detrimental ef-
fects of potential toxicity from chemotherapy on quality of life.
Additionally, although the utility value assigned to distant re-
currence is quite low (0.3), we believe it is an appropriate value
for a progressive disease state and is internally consistent with
other utility values used in the model. Furthermore, utility for
distant recurrence is not an influential parameter in our
model, so potential bias in this parameter would not have a
substantial impact on results.

Data analysis

Costs and quality-adjusted life years (QALYs) for future
years were discounted at 3% per year. The incidence of distant
recurrence, the incidence of breast cancer death, total QALYs,
and direct medical and nonmedical costs were calculated for
GEP and theNIH guidelines. To validate themodel, the overall
and recurrence-free survival outcomes derived from themodel
were compared with results from the Netherlands Cancer In-
stitute cohort. Finally, the incremental cost-utility ratio, which
is interpreted as the additional cost to provide one additional
QALY, was calculated where appropriate. The numerator of
the ratio is the difference in total costs between GEP and the
NIH guidelines and the denominator is the difference in
QALYs.

Sensitivity analyses and alternative testing strategies

We conducted one-way sensitivity analyses to evaluate the
effect of varying individual probabilities, costs, and utilities on
model results, while holding the others fixed. All parameters in
themodelwere included in the sensitivity analyses (Table 1). In
addition, multiway, probabilistic sensitivity analyses were per-
formed using Monte Carlo simulation27 and @Risk software
(Palisade Corporation, Newfield, NY). For each simulation,
the probabilities, costs, and utilities were randomly drawn
fromprobability distributions that represented the uncertainty

of each of the model parameters and a cost-utility ratio was
calculated. Ten thousand simulations were conducted to en-
sure convergence of results, thus removing “first-order” un-
certainty, or within-individual predictive uncertainty.28 We
used logistic normal distributions for probabilities and utili-
ties27 and lognormal distributions for costs.28 A mean cost-
utility ratio and an “uncertainty interval” containing 95% of
the values from the simulation were calculated.28 The uncer-
tainty interval provides an estimate of the overall uncertainty
in themodel due to uncertainty in all of themodel parameters,
or “second-order” uncertainty.28

Because baseline recurrence risks in the GEP good and poor
prognosis groups were not independent, we did not vary these
parameters but instead evaluated the range of results that could
be achieved using the current (Netherlands Cancer Institute)
assay by changing the test cutoff to identify a tumor as poor
prognosis.9 Changing the test cutoff alters the recurrence risk
for each prognosis group. Finally, in addition to evaluating the
testing of all womenwith either GEP or theNIH guidelines, we
also considered the following alternative testing strategies en-
tailing combined use of the results from GEP and NIH guide-
lines, or not using the results fromNIH guidelines: (1) GEP for
women identified as poor prognosis using NIH guidelines fol-
lowed by chemotherapy for women who are identified as poor
prognosis on both the NIH guidelines and GEP; (2) GEP for
women identified as good prognosis using NIH guidelines fol-
lowed by chemotherapy for women identified as poor progno-
sis on either the NIH guidelines or GEP; and (3) identifying
100% of women as candidates for adjuvant chemotherapy in
lieu of using results from the NIH guidelines.

RESULTS

TheNIH guidelines identified 96%of the cohort as high risk
and thus candidates for chemotherapy, whereasGEP identified
61% of patients as high risk (Table 2). This prognostic catego-
rization yielded sensitivities of 98% for theNIH guidelines and
84% for GEP. Specificities were 51% for GEP and 5% for the
NIH guidelines. Accounting for the 35% risk reduction in dis-

Table 2
Performance, costs, and outcomes of gene expression profiling vs. NIH

guidelines

Gene
expression
profiling

NIH
guidelines Difference

Sensitivity 84% 98% �14%

Specificity 51% 5% 46%

Proportion of women treated
with chemotherapy

61% 96% �35%

Expected proportion of distant
recurrences prevented

29% 34% �5%

Costs $29,754 $32,636 �$2,882

Quality-adjusted life years 9.86 10.08 �0.21
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tant recurrence resulting from chemotherapy, utilization of
the NIH guidelines to identify and treat high-risk women with
chemotherapy prevented 34% of women from experiencing
distant recurrence compared to 29% for GEP. When the neg-
ative impact on life expectancy and quality of life from chemo-
therapy and distant recurrence were included, the NIH guide-
lines and GEP yielded 10.08 versus 9.86 QALYs, respectively.
Total costs were $32,636 for the NIH guidelines and $29,754
for GEP. Because GEP produced lower QALYs and lower costs
than the NIH guidelines, calculation of an incremental cost-
utility ratio was not conducted.17

We validated themodel by comparing the overall and recur-
rence-free survival outcomes and compared them to results
from the Netherlands Cancer Institute cohort. We found that
the model predicted approximately 7% fewer distant recur-
rence events than the women in the Netherlands Cancer Insti-
tute cohort. This difference is a result of accounting for cen-
soring in the primary data by utilizing Kaplan-Meier survival
analyses to estimate risks of distant recurrence and breast can-
cermortality. If censoring, or incomplete follow-up time, were
not accounted for, risks of distant recurrence would be
overestimated.
We also considered the following alternative testing strate-

gies entailing the combined use of results from the NIH guide-
lines andGEP or not using results from theNIH guidelines: (1)
GEP as a confirmatory test for high-risk women identified by
NIH guidelines; (2) GEP as a test to identify high-risk women
missed byNIH guidelines; and (3) identifying 100% of women
as candidates for adjuvant chemotherapy in lieu of using re-
sults from theNIH guidelines. Because theNIH guidelines had
high sensitivity (96%), and the QALYs lost from failing to
identify and treat womenwhowould experience distant recur-
rence in the absence of chemotherapy was a strong driver of
outcomes, the combined testing strategies were dominated by
use of the NIH guidelines alone (data not shown) andwere not
considered further. Comparison of GEP versus identification
of 100% of the Netherlands Cancer Institute cohort as candi-
dates of adjuvant chemotherapy did not substantially increase
QALYs but increased costs compared to results from the main
analysis of GEP versus NIH guidelines (GEP vs. identification
of all women: difference inQALYs� �0.17, difference in costs
� �$3942).

Results of sensitivity analyses

The tornado diagrams (Figs. 3 and 4) display the results of
the one-way sensitivity analyses for the most influential pa-
rameters. QALYs were most sensitive to the test cutoff to iden-
tify a tumor as poor prognosis. In order for the GEP test to
produce equivalent QALYs to the NIH guidelines, GEP sensi-
tivitywould need to be 95%or greater, whilemaintaining spec-
ificity (51%). Regardless of the test cutoff used to identify a
poor prognosis tumor, theGEP assay studied in our analysis, at
its current level of performance, does not attain a sensitivity of
this magnitude. Total cost was most influenced by the costs of
GEP and chemotherapy, and GEP was cost-saving over the
entire range of variation of these parameters. The multi-way

probabilistic sensitivity analysis demonstrated a 95% uncer-
tainty interval of �0.32 to �0.09 for the difference in QALYs
and �$4686 to �$1042 for the difference in costs.

DISCUSSION

We evaluated the potential clinical, patient, and economic
benefits of a GEP assay versus the NIH guidelines to identify
premenopausal womenwith early stage breast cancer for adju-
vant chemotherapy. GEP identified 35% fewerwomen for che-
motherapy than NIH guidelines, but the resultant quality of
life benefits are outweighed by the decrease in life expectancy
due to GEP’s lower sensitivity. GEP’s specificity was 10-fold
higher than NIH guidelines, leading to lower overall costs. If
GEP’s sensitivity were to increase to at least 95% and its spec-
ificity (51%) was maintained, it would improve quality of life
by allowing some women to safely avoid chemotherapy while
at the same time not missing women whose survival is com-
promised by avoiding therapy. Additionally, our results sug-
gest that although the cost of GEP is amajor expense compared
to the use of NIH guidelines, it appears that using the NIH
guidelines may incur more chemotherapy costs, overwhelm-
ing the test costs of GEP and leading to the NIH guidelines
being more costly overall compared to GEP. Furthermore, al-
though theNIH guidelines identified the preponderance of the
cohort (96%) as high-risk, our examination of alternative test-
ing strategies suggests that identifying the entire cohort as
high-risk in lieu of using the NIH guidelines would cost more
and produce roughly equivalent QALYs compared to themain
analysis of GEP versus the NIH guidelines.
There are several limitations to our analysis. First, in addi-

tion to the NIH guidelines, there are other guidelines applied
in the United States that could have been utilized for the com-
parison, such as the National Comprehensive Cancer Network
criteria.29 The National Comprehensive Cancer Network cri-
teria are more conservative than NIH guidelines, so if we had
compared these guidelines to the GEP assay instead of the NIH
guidelines, these guidelines would tend to yield higher costs
and have higher sensitivity than the NIH guidelines. Second,
there is substantial uncertainty in several of our model param-
eters, most notably in the performance of the GEP assay. Al-
though approximately equal proportions ofwomen in theGEP
and NIH guidelines poor prognosis groups received adjuvant
chemotherapy, the type andduration of chemotherapywas not
specified, which may have introduced bias in the estimates of
recurrence risk. For example, if women in the GEP poor prog-
nosis group received more intensive chemotherapy than
women in the NIH guidelines poor prognosis group, it is pos-
sible that their recurrence risk was underestimated to a greater
extent than for women in the NIH guidelines poor prognosis
group, enhancing GEP’s performance. In the good prognosis
groups, a greater proportion ofwomen received chemotherapy
in the GEP group versus the NIH guidelines group (in fact no
women had chemotherapy in the NIH guidelines good prog-
nosis group), which would produce a bias in favor of GEP.
However, because we found that GEP produces lower QALYs
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than NIH guidelines, the presence of these potential biases
would not change decisions about GEP based on our analysis.
Additionally, although 77% of patients in the Netherlands
Cancer Institute cohort were ER�, only 18% of these patients
received adjuvant hormonal therapy (e.g., tamoxifen). Because
adjuvant hormonal therapy is the current standard of care for
women with ER� tumors,5 if the cost-utility model were ap-
plied to current practice conditions, adjuvant hormonal ther-
apy would reduce the baseline risk of distant recurrence in
ER� women and thus would decrease the absolute incremen-
tal benefit of adjuvant chemotherapy according to the propor-
tion of ER� patients in each prognosis group for GEP and the
NIH guidelines. Because information on individual ER status
for the GEP and NIH guidelines group was not available, we
could not ascertain the direction of potential bias. Analo-
gously, an increase in the efficacy of adjuvant chemotherapy
for the GEP poor prognosis group would clearly favor the GEP
strategy and there has been the suggestion that gene expression
profiles may be able to predict response to chemotherapy.30

Third, for our analysis we used one of several gene expression
profiles that are marketed or in development for clinical use,
and our results do not necessarily apply to these other tests.

Like other profiles, the profile we used has not been extensively
validated, but is in the process of further validation.
Fourth, we assumed all women in the poor prognosis groups

received chemotherapy. In practice, some physicians may not
follow the NIH guidelines in recommending chemotherapy or
patientsmay refuse chemotherapy; thus, the use of chemother-
apymay be lower than the values used in our analysis: 96% and
61% for the NIH guidelines and GEP, respectively.31,32 A sim-
ilar decrease in compliance for GEP and the NIH guidelines
would not likely have a dramatic effect on results. However, it
is possible that compliance by patients and physicians may be
different with GEP due to the perception of the value of
genomic information: such issues merit further study.
Fifth, it is possible that the adjuvant chemotherapy cost we

used in our model is an inflated estimate, as women who re-
ceive adjuvant chemotherapy are also more likely to receive
radiation treatment.33 To address uncertainty about the true
cost of chemotherapy, we varied the cost of chemotherapy in
the sensitivity analysis from $17,930 to $26,037, which would
account for up to an 18% overestimate of the true cost of ad-
juvant chemotherapy. Based on previous report,33 we believe
the amount by which we varied the cost of adjuvant chemo-

Fig. 3. Diagram depicts the most influential model parameters in determining QALYs from most to least influential, and the effect of varying these parameters on total QALYs
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therapy in the sensitivity analysis should account for any po-
tential bias in our chemotherapy cost estimate. Furthermore,
although the cost of chemotherapy was an influential parame-
ter in the model, the cost savings of GEP compared to NIH
guidelines persisted over the entire range of uncertainty over
which we varied chemotherapy cost.
Sixth, our cost-utility model may not fully capture all the

elements that could influence physician-patient decision-
making. Individuals may have different attitudes toward and
perceptions of risk,34 which will affect their valuation of GEP
and whether or not to undergo or recommend chemotherapy.
The withholding of chemotherapy may cause undue anxiety
for some patients, producing disutility for GEP as it relates to
that patient. Health care providers may also be uneasy with a
new risk assessment tool that results in fewer patients receiving
chemotherapy. There is a burgeoning literature investigating
how oncologists and patients address the benefits and risks of
chemotherapy and the interpretation of prognostic informa-
tion in breast cancer.35–46Many of these studies suggest there is
needed improvement in the communication of risks and ben-
efits from provider to patient in cancer care. When genomic
technologies are determined to have clinical utility in cancer
care, physicians will need to know how to communicate infor-
mation about risks andbenefits inways that promote informed
patient decision-making. As GEP is developed for application
in oncology and other clinical specialties, it will add to the
genetics expertise required by practicing physicians, and thus
to genetics educational needs.47–49

This analysis is an illustrative example of how genomic as-
says used in cancer care may be evaluated based on their accu-

racy and the downstreamoutcomes that result from it. Regard-
less of which GEP assay and clinical guidelines are used for
comparison, how the natural history of breast cancer is mod-
eled, and the values assigned to model parameters, it is evident
that (1) test performance is crucial in determining outcome;
and (2) the quality-adjusted life expectancy benefits of being
spared from unwarranted chemotherapy are overwhelmed by
the decreased life expectancy due to failing to identify and treat
a woman who would experience distant recurrence. Although
GEP has significant potential to provide clinical benefit, our
study identifies current limitations in GEP test properties and
suggests additional refinement and validation are needed be-
fore use in clinical practice.
As gene expression profiles are validated in well-designed

clinical studies based on standardized protocols, their value as
a prognostic factor may be enhanced. Currently, there are in-
ternational trials underway for the use of this technology.50,51

Ultimately, the most informative studies may involve the eval-
uation of the incremental prognostic value of GEP over stan-
dard pathologic predictors, such as ER status, tumor grade,
and proliferation markers such as ki-67 and mitotic count,
routinely collected at the time of diagnosis. As additional gene
expression profiles are developed, decision modeling will con-
tinue to provide a means to assess outcomes and identify key
test properties.52–66
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