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LUNG CANCER REMAINS THE LEAD-
ing cause of cancer-related death
in the United States, with only a
15% five-year overall survival

rate. It is estimated that more than
219 000 new cases of lung cancer were
diagnosed and 159 000 deaths oc-
curred in 2009. Almost half of these new
cases are diagnosed in women, with ap-
proximately 30% to 40% of cases diag-
nosed in patients older than 70 years.1,2

The majority of these cases (�85%) are
non–small cell lung cancer (NSCLC),
composed predominantly of 3 sub-
types: adenocarcinoma, squamous cell
carcinoma, and large cell carcinoma.3

Despite evidence that clinical and
pathologic factors (eg, age, histology,
smoking status, sex) are clinically rel-
evant,3 little is known regarding the
underlying biological differences in lung
tumor gene expression among patients
with different clinicopathologic char-
acteristics. A deeper understanding of
molecular abnormalities at a pathway
level4-12 may help dissect the complex
mechanisms of lung cancer oncogen-
esis, shed light on the biological un-
derpinnings contributing to survival dif-
ferences in NSCLC that are age- and
sex-based, and further help identify spe-

cific cohorts of patients that may be
more susceptible to novel individual-
ized therapeutic strategies. Herein, we
characterize molecular differences at a
genomic level in NSCLC as a function
of commonly used clinical variables,
specifically age and sex, using the larg-
est described cohort of NSCLC pa-
tients with available genomic data.
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Context Gene expression profiling may be useful in examining differences underly-
ing age- and sex-specific outcomes in non–small cell lung cancer (NSCLC).

Objective To describe clinically relevant differences in the underlying biology of NSCLC
based on patient age and sex.

Design, Setting, and Patients Retrospective analysis of 787 patients with pre-
dominantly early stage NSCLC performed at Duke University, Durham, North Caro-
lina, from July 2008 to June 2009. Lung tumor samples with corresponding microar-
ray and clinical data were used. All patients were divided into subgroups based on age
(�70 vs �70 years old) or sex. Gene expression signatures representing oncogenic
pathway activation and tumor biology/microenvironment status were applied to these
samples to obtain patterns of activation/deregulation.

Main Outcome Measures Patterns of oncogenic and molecular signaling path-
way activation that are reproducible and correlate with 5-year recurrence-free patient
survival.

Results Low- and high-risk patient clusters/cohorts were identified with the longest
and shortest 5-year recurrence-free survival, respectively, within the age and sex NSCLC
subgroups. These cohorts of NSCLC demonstrate similar patterns of pathway activa-
tion. In patients younger than 70 years, high-risk patients, with the shortest recurrence-
free survival, demonstrated increased activation of the Src (25% vs 6%; P�.001) and
tumor necrosis factor (76% vs 42%; P�.001) pathways compared with low-risk pa-
tients. High-risk patients aged 70 years or older demonstrated increased activation of
the wound healing (40% vs 24%; P=.02) and invasiveness (64% vs 20%; P�.001)
pathways compared with low-risk patients. In women, high-risk patients demon-
strated increased activation of the invasiveness (99% vs 2%; P�.001) and STAT3 (72%
vs 35%; P�.001) pathways while high-risk men demonstrated increased activation
of the STAT3 (87% vs 18%; P�.001), tumor necrosis factor (90% vs 46%; P�.001),
EGFR (13% vs 2%; P=.003), and wound healing (50% vs 22%; P�.001) pathways.
Multivariate analyses confirmed the independent clinical relevance of the pathway-
based subphenotypes in women (hazard ratio [HR], 2.02; 95% confidence interval
[CI], 1.34-3.03; P�.001) and patients younger than 70 years (HR, 1.83; 95% CI, 1.24-
2.71; P=.003). All observations were reproducible in split sample analyses.

Conclusions Among a cohort of patients with NSCLC, subgroups defined by on-
cogenic pathway activation profiles were associated with recurrence-free survival. These
findings require validation in independent patient data sets.
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METHODS
Complete details of the statistical meth-
odsandtheCoxproportionalhazardmod-
els are available in the eAppendix (avail-
able online at http://www.jama.com). All
tumor samples were obtained from pa-
tients enrolled in institutional review
board–approved clinical trials after writ-
ten informed consent was obtained.

NSCLC Samples

Gene expression data from 787 NSCLC
patienttumorsamples(withcorrespond-
ing clinical data) were obtained from 4
independent data sets.4-7 Data sets were
selected based on the availability of mi-
croarraygeneexpressionandclinicaldata
(with follow-up data of �60 months)

from non–small cell lung tumors. The
sampleswereobtainedfrompatientswith
mostly early stage disease (stages I-IIIA)
at the time of diagnosis and only 1% of
whom received adjuvant chemotherapy
or radiation. All gene expression data
were arrayed using Affymetrix Human
Genome U133A GeneChips (http://
www.affymetrix.com/products_services
/arrays/index.affx) except for the data
set of Bhattacharjee et al.5 These data
were converted from U95A GeneChips
to U133A using Chip Comparer (http://
chipcomparer.genome.duke.edu).

When combining data sets from dif-
ferent platforms and different experi-
ments, nonbiological experimental
variation, or batch effects, can occur.
To reduce the likelihood of batch ef-
fects, a normalizing algorithm, Com-
Bat8,9 (http://statistics.byu.edu/johnson
/ComBat/), was applied to the patient
samples before performing any analysis.

To study the biology of NSCLC as a
functionofageandsex,datafromthe787
NSCLC samples were divided into 4 dif-
ferent groups: patients younger than 70
years (n=520), patients aged 70 years or
older(n=267),men(n=414),andwom-
en (n=373). Patient samples from each
clinicalgroupwerealsorandomlydivided
into2equalcohorts tocreatetrainingand
validationsubsets thatwouldbeused for
further validation of the findings. Five-
year recurrence-free survival (RFS) was

usedasthemeasureofaclinicallyrelevant
end point in all survival analyses.

Oncogenic Pathway and Tumor
Microenvironment Analysis

Previously validated gene expression sig-
natures of oncogenic pathway activa-
tion (�-catenin, E2F1, Myc, Ras, Src, epi-
dermal growth factor receptor [EGFR],
and signal transducer and activator of
transcription 3 [STAT3]), as well as tu-
mor biology/microenvironment status
(chromosomal instability, epigenetic
stem cell, invasiveness, tumor necrosis
factor [TNF], and wound healing), were
applied to all data sets and subsets to dis-
sect the heterogeneity of NSCLC and
identify relevant subphenotypes. Each
signature is able to identify a pattern of
gene up-regulation or overexpression as-
sociated with the specific pathway being
“turned on” or activated. Briefly, using
previously described Bayesian binary re-
gression methods,7,8,10-20 predictions of
oncogenic pathway and tumor biology/
microenvironment activation for each
of the aforementioned signatures were
developed. These predictions are ex-
pressed as a relative probability (rang-
ing from 0-1) and represent the degree
of pathway activation found within each
tumor sample. A probability greater than
0.5 is considered positive for pathway
activation.

Hierarchical clustering of tumor
predictions of pathway activation
was performed using R/Bioconductor
statistical packages, version 2.9.0
(http://www.r-project.org),21-23 after they
had been grouped by age or sex vari-
ables. Heat maps were generated using
R/Bioconductor statistical packages
based on the clustered order of the pa-
tient samples from the 4 individual
groups. Clusters are identified based on
branching points of the corresponding
dendrogram following hierarchical clus-
tering of patient samples and represent
specific patterns of pathway activation.
Furthermore, cluster stability was as-
sessed and confirmed by agglomera-
tion bootstrap clustering. Low- and high-
risk groups were defined as clusters, or
cohorts, of patients that have the best
and worst 5-year RFS, respectively.

Table 1. Clinical Characteristics of Data Sets Used in Analyses (N = 787)a

Characteristics
Shedden et al,4

2008 (n = 442)
Bhattacharjee et
al,5 2001 (n = 125)

Raponi et al,6

2006 (n = 129)
Bild et al,7

2007 (n = 91)
Age, y

Median (range) 65 (33-87) 64 (33-88) 68 (42-91) 67 (32-83)
Mean (SD) 64 (10) 63 (10) 67 (10) 65 (9)

Sex
Male 223 (50) 53 (42) 82 (64) 56 (62)
Female 219 (50) 72 (58) 47 (36) 35 (38)

Tobacco use
Smokers 300 (68) 107 (86) 119 (92) 80 (88)
Never smokers 49 (11) 17 (14) 4 (3) 4 (4)
Unknown 93 (21) 1 (0) 6 (5) 7 (8)

Histology
Adenocarcinoma 442 (100) 125 (100) 0 45 (49)
Squamous cell carcinoma 0 0 129 (100) 46 (51)

Disease stage
Early (IA, IB, IIA, IIB, IIIA) 428 (97) 107 (86) 123 (95) 90 (99)
Late (IIIB, IV) 11 (2) 18 (14) 6 (5) 1 (1)
Unknown 3 (1) 0 0 0

Adjuvant chemotherapy, % 0 �1 1 0
aData are presented as No. (%) unless otherwise specified.

Figure 1. Kaplan-Meier Survival Comparison
in Patients Aged �70 vs �70 Years
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Statistical Analysis
Standard Kaplan-Meier survival curves,
using 5-year RFS end points, were gen-
eratedforpatientclusterswithsimilarpat-
ternsofoncogenicpathwayor tumormi-
croenvironmentderegulationusingGraph
Pad software, version 5.02 (http://www
.graphpad.com). A prognostically sig-
nificant result is defined by log-rank
P�.05.GraphPadsoftwarewasalsoused
to generate unpaired, 1-tailed t tests to
comparedegreeofpathwayactivationbe-
tween sample groups, as well as 2-tailed
�2 tests to compare percentages of pa-
tients with pathway activation between
high- and low-risk groups.8 Adjustments
were made for multiple testing where
necessary using Bonferroni correction.

Cox proportional hazards analyses
were performed using data from pa-
tients (N=787) and were repeated for
the following data subsets: patients
younger than 70 years (n=520), pa-
tients aged 70 years or older (n=267),
women (n=373), men (n=414), ad-
enocarcinoma (n=612), squamous cell
carcinoma (n=175), never smokers
(n=74), and smokers (n=606). Samples
with missing data were excluded from
the analyses.

For each subset, a multivariate Cox
proportional hazards model was com-
puted to determine if the clustering
prognosis (high- vs low-risk groups)
variable was significant in the pres-
ence of age (�70 vs �70 years), sex,
histology, smoking status, and disease
stage (I-IIIa vs IIIb-IV). Estimated haz-
ard ratios (HRs), confidence intervals
(CIs), and P values are provided for the

pathway-based prognostic clusters and
clinical variables.

RESULTS

The clinical and demographic fea-
tures of all patients included in this
analysis are described in TABLE 1.
Among the NSCLC patient samples
used for this analysis, the median age
of patients ranged from 64 to 68 years.

Figure 2. Comparisons of Mean Probability (or Level) of Oncogenic Pathway Activation
Between Age Groups
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Figure 3. Heat Maps Demonstrating Hierarchical Clustering of Oncogenic Pathway Activation by Age Group
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Patient clusters, based on similar patterns of pathway activation, are shown below the heat map. Each row represents the activation pattern of an individual oncogenic
pathway and each column represents an individual patient tumor sample. On the heat map, red indicates pathway activation; blue, pathway down-regulation.
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The majority of patients were male and
smokers (53% and 77%, respectively).
Adenocarcinoma was the most com-
mon histology (78%), with patients pre-
dominantly having early stage (stages
I-IIIa) disease (95%).

Age-Specific Differences
in the Biology of NSCLC

The association of age with clinical out-
come was analyzed by comparing pa-
tients younger than 70 years old
(n=520) with patients aged 70 years or
older (n=267). Younger patients had
significantly better RFS (P = .006;
FIGURE 1).

Activation of individual oncogenic
pathways and tumor microenviron-
ment status was then examined in pa-
tients stratified by age (�70 or �70
years) (FIGURE 2). In this analysis, the
�-catenin (P = .03), invasiveness
(P=.04), and Src (P=.008) pathways
were more likely to be activated in pa-
tients younger than 70 years.

Four distinct clusters of pathway
activation in each age group (FIGURE 3)
were identified. Kaplan-Meier sur-
vival analysis for younger patients (�70
years) revealed clusters with unique
prognostic significance (P = .03;
FIGURE 4). Using RFS as a clinically rel-
evant phenotype, we were able to char-
acterize distinct gene expression pat-
terns associated with high-risk patients
(cluster 4) with shorter RFS com-
pared with patients with a better prog-
nosis (cluster 3) with longer RFS. Clus-
ters 1 and 2 represent patients with an
intermediate risk compared with clus-
ters 3 and 4, with RFS between that of
the low- and high-risk patients. Analy-
sis of clusters 3 (low-risk) and 4 (high-
risk) in younger lung cancer patients
demonstrated that the Src (25% vs 6%;
P�.001) and TNF (76% vs 42%;
P� .001) gene signatures had a signifi-
cantly higher probability of activation
in the high-risk cohort (eFigure 1A).

Likewise, Kaplan-Meier survival
analysis for older patients showed clini-
cally meaningful differences in me-
dian RFS (68 months vs 33.9 months
between high-risk cluster 4 and low-
risk cluster 3, respectively), although
these differences were not statistically
significant (P=.10; Figure 4). Biologi-
cally, in older patients, gene signa-
tures for wound healing (40% vs 24%;
P=.02) and invasiveness (64% vs 20%;
P� .001) were significantly more acti-
vated in the high-risk (cluster 4) co-
hort vs the low-risk cohort (cluster 3)
(eFigure 1A).

Sex-Specific Variations in NSCLC

The biology and clinical course of
NSCLC are sex-specific. To further elu-
cidate sex-specific differences at a path-
way level, 373 women and 414 men
with NSCLC were compared. Consis-
tent with previous findings, a Kaplan-
Meier analysis revealed that women in
general had significantly better RFS
than men (P=.008; FIGURE 5).

The probability of oncogenic path-
way activation in patients stratified by
sex is depicted in FIGURE 6. Men dem-
onstrated a higher probability of acti-
vation of chromosomal instability
(P=.001), epigenetic stem cell (P=.03),
invasiveness (P=.005), Myc (P=.02),

Figure 5. Kaplan-Meier Survival
Comparison Between Men and Women
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Figure 4. Kaplan-Meier Survival Curves of Identified Patient Clusters Among Patients Aged �70 and �70 Years

S
ur

vi
va

l, 
%

Survival, mo

Log-rank P = .03

100

60

80

40

20

0
4020 600

4 (High-risk)

Age <70 y

3 (Low-risk)

2
1

S
ur

vi
va

l, 
%

Survival, mo

Log-rank P = .10

100

60

80

40

20

0
4020 600

4 (High-risk)

Age ≥70 y

3 (Low-risk)

2
1

No. at risk, by cluster
1
2

60
24
56

95
45
84

138
62

106

172
86

1263
37641001364

No. at risk, by cluster
1
2

18
15
26

31
30
42

52
44
65

63
67
843

112135534

Extremes in survival are shown, with high-risk clusters having poorer survival than low-risk clusters. Median recurrence-free survival for low-risk clusters was 79.5
months and for high-risk clusters was 49.6 months among younger patients; for older patients it was 68 months and 33.9 months, respectively.
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and wound healing (P= .004) path-
ways, while women demonstrated a
higher probability of activation of the
E2F1 pathway (P=.04).

Hierarchical clustering of the onco-
genic pathway activity in women and
men revealed 4 distinct clusters for
each group (FIGURE 7). In women,
the 4 clusters had distinct prognostic
significance (P= .002; FIGURE 8). In
addition, when comparing clusters 1
(high-risk) and 2 (low-risk), which
had the largest difference in RFS, the
prognostic significance was main-
tained (P=.001). Among men, the 4
individual clusters of pathway activa-
tion did not demonstrate prognostic
significance (Figure 7 and Figure 8).
However, when only the clusters
with the best (cluster 2) and worst
(cluster 1) RFS were compared, clus-
ter 1 demonstrated a significantly
lower RFS (P=.02). Clusters 3 and 4
for men and women represent
patients with an intermediate risk
compared with clusters 1 and 2, with
RFS between that of the high- and
low-risk patients.

Further analysis compared the
activation of individual oncogenic

and tumor microenvironment path-
ways in relevant prognostic clusters
(eFigure 2A). In women, cluster 1
(high-risk) demonstrated increased ac-
tivation of the invasiveness (99% vs 2%;
P�.001) and STAT3 (72% vs 35%;
P�.001) pathways compared with clus-
ter 2. In men, the high-risk cohort (clus-
ter 1) demonstrated increased activa-
tion of STAT3 (87% vs 18%; P�.001),
TNF (90% vs 46%; P�.001), wound

healing (50% vs 22%; P�.001), and
EGFR (13% vs 2%; P=.003) compared
with the better-prognosis cohort
(cluster 2). Thus, while the STAT3
pathway was uniformly activated in pa-
tients with poor prognosis irrespec-
tive of sex, the invasiveness, EGFR,
TNF, and wound healing pathways
probably underlie the sex-specific dif-
ferences observed in high-risk NSCLC
patients.

Figure 6. Comparisons of Mean Probability (or Level) of Oncogenic Pathway Activation by Sex
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Figure 7. Heat Maps Demonstrating Hierarchical Clustering of Oncogenic Pathway Activation by Sex
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Validity and Reproducibility of the
Biologically Distinct Subphenotypes
The true power and relevance of spe-
cific biological patterns of pathway ac-
tivity lies in their reproducibility. Thus,
to assess the stability and validity of bio-
logically distinct clusters at a pathway
level, patient samples from each clini-
cal subgroup were randomly divided
into 2 equal cohorts (training and vali-
dation subsets) using a split-sample ap-
proach. Similar patterns of pathway ac-
tivation between training and validation
subsets were observed within each clini-
cal variable subgroup (FIGURE 9;
eFigure 1, B and C, and eFigure 2, B and
C), demonstrating the reproducibility
of the pathway activation patterns.

To further elucidate the similarities
between the training and validation sub-
sets in an objective manner, correla-
tion analyses were performed. Indi-
vidual pathway activations were
compared with each other within each
cohort, and Pearson correlation coef-
ficients (−1�r�1) were extracted and
plotted as a grid. Near identical pat-
terns of pathway activations and cor-
relation were observed (as depicted in
eFigure 1D and eFigure 2D), confirm-
ing the inherent biological similarities
between the high- and low-risk phe-

notypes identified by pathway activa-
tion patterns in both the training and
validation cohorts.

In addition, RFS analyses (FIGURE 10)
of the training and validation subsets
indicate consistent survival differ-
ences between high- and low-risk clus-
ters for the training and validation sub-
sets. These analyses were repeated using
several random splits of subset co-
horts, all with identical results. Taken
together, while a completely indepen-
dent validation of our findings would
have been ideal, these split-sample
analyses suggest that the molecular
traits between high- and low-risk clus-
ters within the current clinical classi-
fication scheme (age and sex) may rep-
resent biologically distinct, reproducible
subphenotypes.

Prognostic Oncogenic
Pathway Patterns

Cox proportional hazards analysis was
performed to determine if the prognos-
tic clusters identified through onco-
genic pathway patterns in the above
analyses were independent of known
clinical variables (age, sex, histology,
disease stage, and smoking status)
(TABLE 2, eTable 1, and eTable 2). Mul-
tivariate Cox proportional hazard analy-

sis of the pathway-based prognostic
clusters (low- and high-risk clusters de-
termined by pathway patterns shown
in Figure 3 and Figure 7) was found to
be statistically significant (Table 2 and
eTable 1) in the following subsets:
women (HR, 2.02; 95% CI, 1.34-3.03;
P�.001) and patients younger than 70
years (HR, 1.83; 95% CI, 1.24-2.71;
P=.003). It was not significant in men
or in patients aged 70 years or older.
When testing for interactions be-
tween prognostic clusters and clinical
variables, P�.05 meant a failure to con-
clude dependence (eTable 2). Thus, we
demonstrate that patterns are not only
unique in characterizing the biology of
NSCLC but are also prognostically in-
dependent of other relevant clinical
variables, most notably stage of dis-
ease and histology (adenocarcinoma vs
squamous).

COMMENT

The oncogenic process typically involv-
ing the somatic acquisition of large
numbers of mutations, coupled with
varied host genetic constitution, pro-
duces a disease of enormous complex-
ity that is difficult to characterize and
treat effectively. There is perhaps no
better example of this challenge than

Figure 8. Kaplan-Meier Survival Curves of Identified Patient Clusters by Sex
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Extremes in survival are shown, with high-risk clusters having poorer survival than low-risk clusters. Median recurrence-free survival for low-risk clusters was 96.1
months and for high-risk clusters was 40.97 months among women; for men it was 68 months and 28.87 months, respectively.
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that seen in cancer, particularly lung
cancer.12,24-26 Numerous previous stud-
ies report the value of dissecting NSCLC
biology using gene expression pro-
file5,27-31; however, none have de-
scribed biologic differences in clini-
cally relevant phenotypes of NSCLC.
We examined the biology behind age-
and sex-specific differences in NSCLC
through the use of gene expression sig-
natures to better understand this dis-
ease process and potentially identify
molecular targets for therapy. This
analysis represents one of the first large-
scale attempts to comprehensively char-
acterize the biology of early stage
NSCLC at a molecular pathway level
and demonstrates a clear distinction in
gene expression profiles within rel-
evant age and sex categories of NSCLC.

Our characterization of a large col-
lection of patients with NSCLC has
identified biologically distinct, clini-
cally relevant (using survival as a phe-
notype) subgroups that are indepen-
dent of disease stage, histology, and
other known clinical variables (Table 2,
eTable 1, and eTable 2), based on pro-
files depicting oncogenic pathway sta-
tus and relevant tumor biology. While
differences in clinical outcomes and the
biology of NSCLC based on age and
sex have been previously noted, we
were able to describe the molecular
networks contributing to these differ-
ences. As an example, younger patients
and women have better cancer-related
survival, but the underlying biology has
been unclear and often debated.32-36 We
were able to confirm superior RFS in

women and younger patients (�70
years). Further analysis revealed that fe-
male patients with relatively poorer RFS
demonstrated increased deregulation of
the invasiveness and STAT3 path-
ways. Likewise, older patients with poor
prognosis had increased activation of
the invasiveness and wound healing
pathways. Although this is a novel find-
ing, biologically this is not entirely un-
expected. The invasiveness and wound
healing gene signatures likely identify
tumors at high risk of metastasis,11,15

along with the wound healing signa-
ture identifying activation of angiogen-
esis pathways.15,37

We believe our findings represent a
novel approach to defining clinically
relevant cohorts of NSCLC stratified by
age and sex that are enriched for spe-

Figure 9. Comparisons of Significantly Activated Pathways by Patient Percentages Between High- and Low-Risk Clusters for the Training and
Validation Subsets in Each Age and Sex Group
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Training and validation subsets were created by randomly splitting the samples in each age or sex group. By 2-tailed �2 tests comparing high-risk vs low-risk clusters, among
younger patients, P�.01 for TNF and P�.001 for Src in the training subset and P�.01 for both comparisons in the validation subset. Among older patients, P�.05 for IGS and
P�.001 for WH in the training subset and P�.001 for both comparisons in the validation subset. Among women, P�.001 for IGS and STAT3 in the training and validation
subsets. Among men, P�.001 for all comparisons in both subsets except WH in the validation subset (P�.01). Sample sizes are shown below the graphs in Figure 10 at time=0.
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cific pathway activity and that would
be more apt for therapeutic interven-
tion when planning clinical trials with
drugs that target specific pathway-
related abnormali t ies (eg, Src,
PI3Kinase, Wnt) or tumor biology (eg,
STAT3, TNF, angiogenesis, invasive-
ness). With genomic assays now being
increasingly practical and clinically ap-
plicable, with turnaround times of 5 to
7 days,38 we believe our findings, while
hypothesis generating and needing fur-
ther validation, represent a step for-

Figure 10. Kaplan-Meier Survival Curves of Identified High- and Low-Risk Clusters From the Training and Validation Subsets
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For younger patients, median recurrence-free survival in the training set was 39.27 months in cluster 2 and 79.5 months in cluster 4 and in the validation set it was 47
months in cluster 2 and 79.54 months in cluster 4. For older patients, in the training set it was 33.8 months in cluster 4 and 86.7 months in cluster 2 and in the validation
set it was 28.25 months in cluster 3 and 54.2 months in cluster 2. For women, median recurrence-free survival in the training set was 44.94 months in cluster 3 and
119.5 months in cluster 1 and in the validation set it was 25 months in cluster 2 and 95.5 months in cluster 3. For men, in the training set it was 27.6 months in cluster
4 and 68 months in cluster 1 and in the validation set it was 31 months in cluster 2 and 70.3 months in cluster 1. Log-rank comparisons are between high- and low-risk
cohorts within each subset.

Table 2. Univariate and Multivariate Cox Proportional Hazard Analyses for Prognostic High-
and Low-Risk Patient Clustersa

Clinical
Variable

Univariate Analysis Multivariate Analysis

Hazard Ratio
(95% Confidence

Interval)
P

Value

Hazard Ratio
(95% Confidence

Interval)
P

Value

Female 2.00 (1.36-2.95) �.001 2.02 (1.34-3.03) �.001

Male 1.56 (1.01-2.41) .04 1.21 (0.72-2.02) .47

Age, y
�70 1.54 (1.09-2.17) .01 1.83 (1.24-2.71) .003

�70 1.59 (1.02-2.49) .04 1.38 (0.86-2.23) .19
aBased on the comparison of the 5-year median recurrence-free survival for low- and high-risk patient clusters with

the best and worse recurrence-free survival, respectively.
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ward in defining pathway-driven co-
horts of NSCLC that likely explain the
age- and sex-specific differences seen
in NSCLC.
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