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ABSTRACT

BACKGROUND
Clinical trials have indicated a benefit of adjuvant chemotherapy for patients with
stage IB, II, or IIIA — but not stage IA — non—small-cell lung cancer (NSCLC). This
classification scheme is probably an imprecise predictor of the prognosis of an in-
dividual patient. Indeed, approximately 25 percent of patients with stage IA disease
have a recurrence after surgery, suggesting the need to identify patients in this
subgroup for more effective therapy.

METHODS
We identified gene-expression profiles that predicted the risk of recurrence in a cohort
of 89 patients with early-stage NSCLC (the lung metagene model). We evaluated the
predictor in two independent groups of 25 patients from the American College of
Surgeons Oncology Group (ACOSOG) Z0030 study and 84 patients from the Cancer
and Leukemia Group B (CALGB) 9761 study.

RESULTS
The lung metagene model predicted recurrence for individual patients significantly
better than did clinical prognostic factors and was consistent across all early stages
of NSCLC. Applied to the cohorts from the ACOSOG Z0030 trial and the CALGB
9761 trial, the lung metagene model had an overall predictive accuracy of 72 percent
and 79 percent, respectively. The predictor also identified a subgroup of patients
with stage IA disease who were at high risk for recurrence and who might be best
treated by adjuvant chemotherapy.

CONCLUSIONS
The lung metagene model provides a potential mechanism to refine the estimation
of a patient’s risk of disease recurrence and, in principle, to alter decisions regarding
the use of adjuvant chemotherapy in early-stage NSCLC.
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GENOMIC STRATEGY TO REFINE PROGNOSIS IN EARLY NON—SMALL-CELL LUNG CANCER

UNG CANCER IS THE LEADING CAUSE OF

death from cancer among both men and

women in the United States, and non—small-
cell lung cancer (NSCLC) accounts for almost 80
percent of such deaths."? The clinical staging sys-
tem has been the standard for determining lung-
cancer prognosis.3> Although other clinical and
biochemical markers have prognostic signifi-
cance,*” none are more accurate than the clinico-
pathological stage.®

The current standard of treatment for patients
with stage I NSCLC is surgical resection, despite
the observation that nearly 30 to 35 percent will
relapse after the initial surgery and thus have a
poor prognosis,>* indicating that a subgroup of
these patients might benefit from adjuvant che-
motherapy. Similarly, as a population, patients
with clinical stage IB, IIA or IIB, or IIIA NSCLC
receive adjuvant chemotherapy,®*3 but some may
receive potentially toxic chemotherapy unneces-
sarily. Thus, the ability to identify subgroups of
patients more accurately may improve health out-
comes across the spectrum of disease.

Previous studies have described the develop-
ment of gene-expression, protein, and messenger
RNA profiles that are associated in some cases
with the outcome of lung cancer.**?* However,
the extent to which these profiles can be used to
refine the clinical prognosis and the context in
which improved prognostic capability could be
used to alter a clinical treatment decision were not
clear. Thus, we evaluated the use of gene-expres-
sion patterns as a means of stratifying risk and
treatment in NSCLC.

METHODS

PATIENTS AND TUMOR SAMPLES

We analyzed 198 tumor samples from three co-
horts of patients with NSCLC. The training cohort
consisted of 89 patients enrolled through the Duke
Lung Cancer Prognostic Laboratory. The indepen-
dent validation cohorts included patients in two
multicenter cooperative group trials: 25 patients
from the American College of Surgeons Oncolo-
gy Group (ACOSOG) Z0030 study and 84 from
the prospective Cancer and Leukemia Group B
(CALGB) 9761 trial. Table 1 lists the clinical and
demographic characteristics of the patients in each
cohort and their tumors, and complete details are

listed in Table 1 of the Supplementary Appendix,
available with the full text of this article at www.
nejm.org. All patients were enrolled according to
protocols approved by the institutional review
board of Duke University, after written informed
consent had been obtained.

HISTOPATHOLOGICAL EVALUATION
For each cohort, a single pathologist reviewed all
slides to determine whether they met the histo-
pathological criteria for NSCLC of the World Health
Organization, including the subtype of adenocar-
cinoma and the degrees of differentiation, lym-
phatic invasion, and vascular invasion. Only sam-
ples with a tumor-cell content of more than 50
percent were used in the analysis.

GENE-EXPRESSION ARRAYS
Total RNA was extracted from the tumor tissue
with RNeasy Kits (Qiagen). The RNA quality was
assessed with the use of a bioanalyzer (model 2100,
Agilent). Hybridization targets were prepared from
the total RNA according to standard Affymetrix
protocols (described in detail in the Supplemen-
tary Appendix, along with the methods involved
in the scanning of the arrays and the normaliza-
tion of the resulting data). The microarray assays
were carried out with Affymetrix GeneChips (U133
Plus2). All raw data and data transformed with
the use of the robust multiarray average expres-
sion measure for the Duke, ACOSOG, and CALGB
data sets are available elsewhere (accession num-
ber GSE3593 in the Gene Expression Omnibus
database at www.ncbi.nlm.nih.gov/geo).

STATISTICAL ANALYSIS
We performed statistical analyses using the meta-
gene construction and binary prediction tree anal-
ysis, as described previously?>2° and in detail in
the Supplementary Appendix. The metagene for
a cluster of genes is the dominant singular factor
(principal component), as computed with the use
of a singular value decomposition of gene-expres-
sion levels in the gene cluster in all samples. The
metagene represents the dominant average pattern
of expression of the gene cluster across the tumor
samples.?s

We then used the set of metagenes and the
clinical variables previously shown to be of prog-
nostic value (age, sex, tumor diameter, stage of
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Table 1. Characteristics of Patients and Tumors.*

Characteristic
Age —yr
Median
Range
Mean
Sex — %
Maler
Female
Race — %1
White
Black
Other
Tobacco history — no. (%)
Cigarette smoking
None
<20 Yr
21-49 Yr
=50 Yr
Heavy cigar smoking, =40 Yr
Cancer-cell type — no. (%)
Adenocarcinoma
Squamous
Stage — no. (%)
IA
IB
A
11B
1A
111B
Tumor diameter — cm

Tumor stage — no. (%)

w N =

4
Nodal status — no. (%)
Negative

Positive

Accuracy of the lung metagene model — %

Duke Training Cohort
(N=89)

67
32-83
65+10

56 (63)
33 (37)

78 (38)
8 (9)
3(3)

78)
10 (11)
36 (40)
34 (38)
2(2)

37 (42)
49 (55)
303)

66 (74)
23 (26)
93

ACOSOG Z0030
Validation Cohort
(N=25)

67
41-80
65+5

19 (76)
6 (24)
72

CALGB 9761
Validation Cohort
(N=84)

66
33-82
65+10

* Plus—minus values are means +SD. Percentages may not total 100, because of rounding.
T There were more men in the study cohorts, since one of the principal sites involved was a Veterans Affairs medical center.

i Race was self-reported.

§ For the ACOSOG and CALGB data sets, the accuracy was predicted with the use of the Duke cohort as the training co-
hort. Recurrence was defined with the use of a probability of 0.5 as a cutoff.
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disease, histologic subtype, and smoking history)
in a binary classification-tree analysis to partition
the samples recursively into smaller subgroups.
Within these subgroups, predictions of recurrence
(with O representing 5-year disease-free survival
and 1 representing death within 2.5 years after the
initial diagnosis of NSCLC) were made in terms
of the estimated relative probabilities.23%31 In
the analysis, many classification trees were com-
puted, weighed, and integrated to provide over-
all risk predictions for each patient. The domi-
nant metagenes that constituted the final model
are described in the Supplementary Appendix.

To compare the prognostic efficacy of the meta-
gene and clinical strategies, the clinical variables
were treated as factors or principal components
(similar to the treatment of metagenes in the lung
metagene model) in a classification-tree analysis
to generate a clinical model. The end result was
the probability of recurrence, which represents the
conglomerate prognostic value of the individual
clinical variables. Using GraphPad software, we
computed a C statistic (comparable to the area
under the curve in a receiver-operating-character-
istic curve in the prediction of binary outcomes)
for the model that included just the clinical vari-
ables, a C statistic for a model that included just
the metagenes, and a C statistic for a model that
included both the clinical and genomic variables.

The accuracy of each model was defined with
the use of a probability of 0.5 as a cutoff. An
estimated probability of recurrence of more than
0.5 was classified as a high risk of recurrence;
an estimated probability of recurrence of 0.5 or
less was classified as a low risk of recurrence.

Simple univariate and multivariate logistic re-
gressions for recurrence (with and without the
metagene-based assessment of the risk) were also
computed to assess the baseline prognostic value
of each clinical variable (age, sex, tumor diameter,
stage of disease, histologic subtype, and smoking
history) in the cohorts. We also calculated the
sensitivity, specificity, and positive and negative
predictive values using a probability of recurrence
of 0.5 as the cutoff value. Standard Kaplan—Meier
survival curves were generated for the high-risk
and low-risk groups of patients with the use of
GraphPad software; the survival curves were com-
pared with the use of the log-rank test. This test
generates a two-tailed P value that tests the null
hypothesis, which was that the survival curves
were identical among the cohorts.

RESULTS

PATIENT CHARACTERISTICS

Table 1 lists the demographic and clinical char-
acteristics of the patients (and their tumors) used
to develop and test the prognostic model (Fig. 1).

USE OF GENE-EXPRESSION PROFILES

TO IMPROVE PROGNOSIS

Lung cancer is a heterogeneous disease resulting
from the acquisition of multiple somatic mutations;
given this complexity, it would be surprising if a
single gene-expression pattern could effectively
describe and ultimately predict the clinical course
of the disease for all patients. Recognizing the
importance of addressing this complexity, we have
previously described methods to integrate various
forms of data, including clinical variables and mul-
tiple gene-expression profiles, to build robust pre-
dictive models for the individual patient.2>2° There
are two critical components of this methodologic
approach. First, we generated a collection of gene-
expression profiles, termed “metagenes” (an ex-
ample is given in Fig. 2A), that provide the basis
for the predictive models. Second, we used clas-

Duke training cohort
(n=91)

89 Patients analyzed from the
Duke training cohort with
the lung metagene model

2 Excluded from analysis

Validation cohorts

44 Patients in the ACOSOG 70030
trial assessed for eligibility

91 Patients in the CALGB 9761
trial assessed for eligibility

25 Analyzed with the lung metagene
model model
19 Excluded from analysis

84 Analyzed with the lung metagene

7 Excluded from analysis

the messenger RNA.

Figure 1. Development and Validation of the Lung Metagene Model.
Samples were excluded from analyses on the basis of inadequate quality of
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mgene40 <0.5 | | mgene40>0.5
29122 047 || 1719 | 093

mgene5 <0.01 | | mgene5 >0.01
1720 | 067 || 182 | 014

mgene45 <0.04| |mgene45 >0.04
6/0 | 0.07 5/20 | 0.82
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Figure 2. Clinical and Genomic Prediction of the Risk of Recurrence of NSCLC.

Panel A shows an example of a key metagene profile used in the lung metagene model, with blue and red represent-
ing the two extremes of gene expression. Panel B shows an example of a classification tree illustrating the incorpo-
ration of metagenes (mgenes) at various levels to predict survival in the Duke training cohort. Numbers and lines
in red indicate patients who survived less than 2.5 years after the initial diagnosis of NSCLC, and those in blue rep-
resent patients who survived more than 5 years after the initial diagnosis of NSCLC. The left-hand box at each node
of the tree shows the number of patients and the total number of patients, and the right-hand box gives (as a per-
centage) the corresponding model-based point estimate of the probability of recurrence within 2.5 years based on
the tree-model predictions for that group. The mean probabilities of recurrence predicted by the lung metagene
model (Panel C) and by the clinical model generated with data on age, sex, tumor diameter, stage of disease, histo-
logic subtype, and smoking history (Panel D) in the Duke cohort are also shown. For each patient, the probability
of recurrent disease was predicted in an out-of-sample cross-validation based on a model completely regenerated
from the data for the remaining patients. I bars represent 95 percent confidence intervals.
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sification- and regression-tree analysis to sample
these metagenes and build prognostic models;
this approach mines the collection of profiles to
predict the clinical outcome best. An example tree
(one of many generated in the analysis) is depicted
in Figure 2B.

The predictive accuracy of each model was
initially assessed with the use of leave-one-out
cross-validation, in which the analysis is performed
repeatedly, one sample is removed each time, and
the probability of recurrence is predicted for that
sample. Because the entire model-building process
is repeated for each prediction, the reproducibility
of the approach is also evaluated. As a measure of
model stability, we generated multiple iterations
of randomly split training and validation sets
from within the Duke cohort; the resulting ac-
curacy of prognostic capability exceeded 85 per-
cent (data not shown).

The lung metagene model for the prediction
of recurrence was superior to a predictive model
generated with the same methods but that in-
cluded clinical data alone (including age, sex,
tumor diameter, stage of disease, histologic sub-
type, and smoking history). In the Duke cohort,
the lung metagene model predicted disease re-
currence with an overall accuracy of 93 percent
(Fig. 2C). The model built with clinical data had
an accuracy of only 64 percent (Fig. 2D). Inclu-
sion of the clinical data with the genomic data
did not further improve the accuracy of the pre-
diction of recurrence over that of the genomic
data alone.

The outperformance of the clinical model by
the lung metagene model in identifying patients
at risk for recurrence was also supported by the
results of Kaplan—Meier analyses. The lung meta-
gene model identified two distinct groups of pa-
tients with respect to survival (Fig. 3A). In con-
trast, the distinction was less clear for each of the
models based on clinical predictions (one that
combined the clinical variables in a manner simi-
lar to the lung metagene model, and another that
was based on individual clinical prognostic fac-
tors [tumor diameter and stage of disease are
shown]) (Fig. 3B). Univariate and multivariate
analyses (with and without the genome-based
assessment of the risk of recurrence) to assess the
relative prognostic value of the individual clinical
variables and the lung metagene model showed
that the lung metagene model performed signifi-
cantly better (P<0.001 by multivariate analysis)

than stage of disease, tumor diameter, nodal sta-
tus, age, sex, histologic subtype, or smoking his-
tory (Table 3 in the Supplementary Appendix).

Finally, further confirmation that the lung
metagene model represents the biology of the tu-
mor was provided by the finding that the meta-
genes with the greatest discriminatory capability
in the model included genes that have previously
been shown to have clinical relevance in NSCLC.
In some instances, a metagene represented a sin-
gle molecular process such as angiogenesis (meta-
gene 19), which is a proven target for therapy
in NSCLC. Other key metagenes, such as meta-
gene 41, represented a combination of biologic
processes — for example, the BRAF, phospha-
tidylinositol 3" kinase, TP53, and MYC signaling
pathways.

VALIDATION OF THE METAGENE PROGNOSTIC MODEL
Validation across Early Stages and Subtypes

of NSCLC

The samples used to devise the prognostic model
represented both the major histologic subtypes
of NSCLC (adenocarcinoma and squamous-cell
carcinoma) and all the early stages of disease. To
assess the general robustness of the prognostic
model in the Duke cohort, we examined the pre-
dictions of risk as a function of these variables.
The lung metagene model was consistently ac-
curate across all the early stages of NSCLC (Fig.
1 in the Supplementary Appendix) and between
the major histologic subtypes (Fig. 2 in the Sup-
plementary Appendix), not only in the estimated
risk of recurrence but also in the results of the
Kaplan—Meier survival analysis for each stage or
subtype.

Validation across Data from Two Multicenter Studies
For a new prognostic model that assesses the risk
of recurrence to be used to inform the decision of
whether to administer adjuvant chemotherapy, the
model must be shown to be robust when applied
to independent, heterogeneous populations of pa-
tients and conditions of sample acquisition. We
therefore evaluated the ability of the metagene
model generated from the Duke training cohort
to predict the risk of recurrence by using samples
from two multicenter, cooperative group studies
(ACOSOG Z0030 and CALGB 9761) (Fig. 1). These
sets of samples represented the full spectrum of
clinical outcomes; the samples were not selected
with respect to the duration of survival.

N ENGLJ MED 355;6 WWW.NEJM.ORG AUGUST 10, 2006

Downloaded from www.nejm.org on February 9, 2010 . For personal use only. No other uses without permission.

Copyright © 2006 Massachusetts Medical Society. All rights reserved.

575



576

The NEW ENGLAND JOURNAL of MEDICINE

Figure 3. Kaplan—Meier Survival Estimates for the Duke
Training Cohort.

Estimates based on predictions from the lung meta-
gene model demonstrate the value of that approach
(Panel A). Panel B shows the estimates based on the
clinical model of prognosis, as well as those based on
individual clinical characteristics — here, tumor diam-
eter and stage of disease. A high risk of recurrence was
defined as a probability of recurrence of more than 0.5,
and a low risk of recurrence was defined as a risk of
0.5 or less. P values were obtained with the use of a
log-rank test. Tick marks indicate patients whose data
were censored by the time of last follow-up or owing to
death.

We analyzed 25 samples from the ACOSOG
Z0030 trial to validate the performance of the
predictive model of recurrence based on the Duke
training cohort. As was the case with the Duke
cohort, for the ACOSOG Z0030 cohort, univariate
and multivariate analyses showed that the meta-
gene model was a significantly more accurate
predictor (P<0.001 by multivariate analysis) than
stage of disease, tumor diameter, nodal status,
age, sex, histologic subtype, or smoking history
(Table 3 in the Supplementary Appendix). The ac-
curacy of the prediction of recurrence in the
ACOSOG samples was approximately 72 percent
(sensitivity, 85 percent; specificity, 58 percent;
positive predictive value, 69 percent; and negative
predictive value, 78 percent) (Fig. 4A). The level
of accuracy provides an assessment of the robust-
ness of the risk predictions and is substantial,
particularly given the heterogeneity of the cohort
and the fact that the clinical outcomes among the
patients in the ACOSOG cohort are prospective.
The Kaplan—Meier survival curves, stratified ac-
cording to the risk predictions based on the lung
metagene model, provide strong evidence of the
reliability of those predictions (Fig. 4A). In addi-
tion, a multivariate analysis showed that in this
cohort, the patients predicted by the lung meta-
gene model to have a probability of recurrence
of more than 0.5 were more likely to have a re-
currence than those with a predicted probability
of recurrence of 0.5 or less (adjusted odds ratio,
35.9; 95 percent confidence interval, 2.8 to 46.3).

We analyzed 84 samples from the CALGB 9761
trial as a second independent validation cohort.
The investigators applying the predictive model
were unaware of the outcomes among these pa-
tients; thus, the genome-based predictions of re-
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Figure 4. Independent Validation of the Lung Metagene Model with the Use of Data from the ACOSOG Z0030 Study

The lung metagene model was used to estimate the probabilities of recurrence for the ACOSOG samples (Panel A)
and the CALGB samples (Panel B) and to estimate the Kaplan—Meier survival estimates according to the predicted
risk of recurrence. For the CALGB cohort, investigators were unaware of the clinical outcomes, and the predictive re-
sults were submitted to the CALGB statistical center for the evaluation of performance. I bars represent 95 percent
confidence intervals. A high risk of recurrence was defined as a risk of more than 0.5, and a low risk of recurrence
was defined as a risk of 0.5 or less. P values were obtained with the use of a log-rank test. Tick marks indicate pa-
tients whose data were censored by the time of last follow-up or owing to death.

currence were submitted to a CALGB statistician
for comparison with the true outcomes. Once
again, univariate and multivariate analyses showed
that the lung metagene model predicted outcome
significantly better (P<0.001 by multivariate anal-
ysis) than the stage of disease, tumor diameter,
nodal status, age, sex, histologic subtype, or smok-
ing history (Table 3 in the Supplementary Ap-
pendix). The overall predictive accuracy of the
model for the CALGB samples was 79 percent
(sensitivity, 68 percent; specificity, 88 percent;
positive predictive value, 79 percent; and negative
predictive value, 80 percent) (Fig. 4A). Again, the
Kaplan—Meier analysis showed a significant dif-
ference in the survival rates of patients with a

probability of recurrence of greater than 0.5 as
compared with 0.5 or less, according to the lung
metagene model (Fig. 4B). Similar to the results
seen for the Duke and ACOSOG data, the adjusted
odds ratio for disease recurrence in the CALGB
cohort was 16.6 (95 percent confidence interval,
4.4 to 62.8) when the model estimate for recur-
rence was greater than 0.5 (Table 3 in the Supple-
mentary Appendix).

We also applied the lung metagene model to
another cohort of 15 patients with surgically re-
sected stage I squamous-cell lung cancer. Using
the lung metagene model, we were able to predict
the outcome accurately in all 5 patients with re-
currence and in 7 of 10 patients without recur-
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rence, for an overall accuracy of 80 percent (Fig. 3
in the Supplementary Appendix).

Finally, to evaluate the extent to which the
metagene model could increase the ability of clini-
cians to estimate prognosis, we computed a C sta-
tistic as a measure of the capacity of the clinical
or genomic information to identify patients ac-
cording to the risk of recurrence. For the ACOSOG
cohort, the C statistic based on clinical variables
alone was 0.67; this value was increased to 0.84
by the inclusion of genomic data. For the CALGB
cohort, inclusion of the genomic data increased
the value from 0.73 to 0.87. Clearly, the genomic
data transformed a limited clinical-based progno-
sis to one with substantial capacity to identify pa-
tients who were likely to have disease recurrence.

APPLICATION OF THE REFINED PROGNOSIS
Previous studies have shown that 25 percent of
patients with stage IA NSCLC will have disease
recurrence within five years. Thus, some patients
with stage IA NSCLC might be more appropriately
categorized as being at higher risk than others
and might be candidates for adjuvant chemother-

apy. We therefore focused on the 68 patients from
the Duke, ACOSOG, and CALGB cohorts who were
classified clinically as having stage IA disease.
Kaplan—Meier survival curves were generated for
the group as a whole, as well as for the subgroups
predicted to be at high or low risk for recurrence
by the lung metagene model. Although the sur-
vival rate for the group was approximately 70 per-
cent at four years, the survival rate for those pre-
dicted to be at high risk was less than 10 percent
(Fig. 5A), thus identifying the subgroup of patients
with stage IA NSCLC at risk for recurrence.

DISCUSSION

Although gene-expression profiles that can clas-
sify patients with cancer according to their risk
of recurrence have been described in many in-
stances, the prognostic tool we devised could be
used to change a clinical decision. In particular,
the guidelines for the treatment of patients with
stage I NSCLC provide an opportunity to use an
improved prognostic model to refine the currently
imprecise assessment of risk and the decision re-
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Figure 5. Application of the Lung Metagene Model to Refine the Assessment of Risk and Guide the Use of Adjuvant

Panel A shows the Kaplan—Meier survival estimates for a group of patients with stage IA disease from the Duke,
ACOSOG, and CALGB cohorts and the subgroups predicted to have either a high probability (>0.5) or a low proba-
bility (<0.5) of recurrence. P values were obtained with the use of a log-rank test. Tick marks indicate patients
whose data were censored by the time of last follow-up or owing to death. Panel B illustrates the possible design of
a planned prospective, phase 3 clinical trial involving patients with stage IA NSCLC to evaluate the performance
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garding whom to treat, and thus potentially lead-
ing to more personalized cancer treatment. In
this case, the refinement of prognosis with the
use of the metagene model provides the opportu-
nity for a prospective, randomized, phase 3 clin-
ical trial that would evaluate the benefit of the
identification of a subgroup of patients with
stage IA disease estimated to be at high risk for
recurrence (Fig. 5B). Patients initially classified as
having clinical stage IA disease would undergo
surgery, and the metagene model would then be
applied to identify the patients predicted to be at
high risk for recurrence. Patients at high risk
would then be randomly assigned to observation
(the current standard of care for stage IA disease)
or adjuvant chemotherapy, in order to evaluate
the extent to which the use of genomic reclassi-
fication improves survival. Our study is a critical

first step in the use of genomic tools as a strategy
to refine the prognosis and improve the selection of
patients appropriate for adjuvant chemotherapy.
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CORRECTION

Principles and Practice of Mechanical Ventilation

Second edition. Edited by Martin J. Tobin. 1442 pp., illustrated. New
York, McGraw-Hill, 2006. $189.95. ISBN 978-0-07-144767-6.Twelve
years have elapsed since the publication of the first edition of this
reference book. The recently released second edition maintains the
reputation of the first as the most comprehensive single source on
mechanical ventilation. Its breadth and its up-to-date discussions of
the topic make it an ideal reference for the busy clinician.

Editor Martin Tobin should be commended for his work on this new
edition, which is a considerable improvement on the first — so much
so that it bears little resemblance to its predecessor. There are
24 new chapters, bringing the total to 70, a testament to the major
changes in mechanical ventilation that have occurred during the past
decade. Contributions from prominent authorities add an international
perspective, yet Tobin has been able to establish a relatively uniform
style from chapter to chapter, making the book consistent and easy
to read. The first chapter, a historical perspective on mechanical ven-
tilation, makes the enormous advances in this field readily apparent.
One example is the shift from negative-pressure iron-lung ventilation,
in use for polio victims as recently as the 1960s in the United States,
to positive-pressure bag ventilation, pioneered during the 1952 polio
outbreak in Copenhagen.

One of the great strengths of the book is its wealth of information
on the physiology, mechanics, and machinery of mechanical venti-
lation. It also takes a problem-based approach to treatment, which
will appeal to clinicians. There are extensive chapters on acute lung
injury, obstructive lung disease, neuromuscular weakness, alterna-
tive ventilatory modes, noninvasive ventilation, airway management,
home ventilation, and weaning. The authors deal with such topics as
agitation, ventilator-associated pneumonia, and even transport of a
patient who is being ventilated. The book is well illustrated, with tech-
nical ventilator circuit diagrams, clinical radiographs, photographs of
a wide array of respiratory therapy equipment, and many ventilator
waveform tracings.

We checked the thoroughness of the book by searching through it for
solutions to uncommon clinical problems we have confronted in our
experience in an intensive care unit and a specialized post-intensive
care rehabilitation unit. The book provides helpful advice on com-
plex airway problems, diaphragmatic pacing, and ventilator-supported
speech. It reinforces the idea that the era of the comprehensive refer-
ence book is not over, especially in the field of critical care.

Warren Isakow, M.D.
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CORRECTION

A Genomic Strategy to Refine Prognosis in
Early-Stage Non—-Small-Cell Lung Cancer

A Genomic Strategy to Refine Prognosis in Early-Stage Non—Small-
Cell Lung Cancer . Figure 4 presents an analysis of samples from a
Cancer and Leukemia Group B (CALGB) 9761 trial conducted to vali-
date the performance of a predictive model for early-stage non—-small-
cell lung cancer (NSCLC). Some of the samples used for this analysis
were from a study that was a lead-in to CALGB 9761, collected un-
der a protocol that formed the basis for CALGB 9761 but before the
official initiation of the trial. Review of these data also identified a
systematic error in the entry of patients’ ages in the database, along
with a few additional errors in data on clinical stage and survival that
do not affect the results or conclusions presented. Supplementary Ta-
bles 1 and 3, available on the Journal’s Web site (www.nejm.org), now
contain the corrected data. Also, the microarray data for the CALGB
samples were generated as part of the National Cancer Institute (NCI)
Director’s Challenge Lung Cancer Study and are now available at the
NCI Lung Cancer Web site (http://caarraydb.nci.nih.gov/caarray/; se-
lect “Search experiments” and enter the name of that study). Finally,
the legends to Figures 3, 4, and 5 should have read “Tick marks indi-
cate patients whose data were censored by the time of last follow-up
or owing to death,” rather than “by the time of last follow-up owing to
death.” The article has been corrected on the Journal’s Web site.
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