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ABSTRACT

BACKGROUND

Current staging methods are inadequate for predicting the outcome of treatment of
non—small-cell lung cancer (NSCLC). We developed a five-gene signature that is closely
associated with survival of patients with NSCLC.

METHODS

We used computer-generated random numbers to assign 185 frozen specimens
for microarray analysis, real-time reverse-transcriptase polymerase chain reaction
(RT-PCR) analysis, or both. We studied gene expression in frozen specimens of lung-
cancer tissue from 125 randomly selected patients who had undergone surgical resec-
tion of NSCLC and evaluated the association between the level of expression and
survival. We used risk scores and decision-tree analysis to develop a gene-expres-
sion model for the prediction of the outcome of treatment of NSCLC. For validation,
we used randomly assigned specimens from 60 other patients.

RESULTS

Sixteen genes that correlated with survival among patients with NSCLC were identi-
fied by analyzing microarray data and risk scores. We selected five genes (DUSP6, MMD,
STAT1, ERBB3, and LCK) for RT-PCR and decision-tree analysis. The five-gene signa-
ture was an independent predictor of relapse-free and overall survival. We validated
the model with data from an independent cohort of 60 patients with NSCLC and with
a set of published microarray data from 86 patients with NSCLC.

CONCLUSIONS
Our five-gene signature is closely associated with relapse-free and overall survival
among patients with NSCLC.
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UNG CANCER — PREDOMINANTLY NON—

small-cell lung cancer (NSCLC) — is the

most common cause of death from cancer
worldwide.* The relapse rate among patients with
early-stage NSCLC is 40% within 5 years after po-
tentially curative treatment.2 The current staging
system for NSCLC is inadequate for predicting the
outcome of treatment.

Gene-expression profiling (see Glossary) by
means of microarrays®* and reverse-transcriptase
polymerase chain reaction (RT-PCR)>*° is useful for
classifying tumors and formulating a prognosis
for patients with various types of cancer,” in-
cluding lung cancer.°-1° The use of microarrays
in clinical practice is limited, however, by the
large number of genes used in gene profiling,'”
the need for complicated methods, and the lack
of both reproducibility and independent valida-
tion. The genes selected for profiling in studies
of lung cancer have varied considerably; only a
few genes have been consistently included.'°*3
Moreover, gene-expression profiles can vary ac-
cording to the microarray platform and the ana-
lytic strategy used.®

The RT-PCR method can be applied to paraffin-
embedded pathological specimens and is repro-
ducible and applicable in clinical practice. How-
ever, RT-PCR can be used to analyze only a small
number of genes.” In a previous study, our group
performed microarray analysis of cell lines derived
from specimens of invasive NSCLC and identified
672 genes associated with invasive activity.'® We
also identified genes (CRMP-1 and HLJI) that are
associated with clinical outcome of patients with
NSCLC.:2° A recent study showed that the results
of RT-PCR analysis of eight genes correlated with

the outcomes of patients with adenocarcinoma of
the lung.’

In the current study, we examined gene expres-
sion in 125 surgical specimens of NSCLC, using
microarrays and real-time RT-PCR in order to iden-
tify a gene signature that is correlated with the
clinical outcome.

METHODS

PATIENTS AND TISSUE SPECIMENS
We used computer-generated random numbers to
assign specimens from 185 consecutive patients
for microarray analysis. We studied frozen speci-
mens of lung-cancer tissue from 125 randomly se-
lected patients who underwent surgical resection
of NSCLC at the Taichung Veterans General Hospi-
tal between December 1999 and December 2003.
Of these 125 specimens, 60 were adenocarcinomas,
52 were squamous-cell carcinomas, and 13 were
other types of cancer. We validated the five-gene
risk-prediction model using an independent cohort
of 60 randomly selected patients who underwent
surgical resection of NSCLC at the Taichung Vet-
erans General Hospital between November 1999
and December 2003. The patients had not received
adjuvant chemotherapy. The study was approved
by the institutional review board of the hospital.
Written informed consent was obtained from all
patients.

MICROARRAY ANALYSIS OF COMPLEMENTARY DNA
The 672 genes associated with invasive activity,
identified in a previous study by our group,'® were
rearrayed in duplicate on a nylon membrane. We
isolated 4 ug of total RNA from each specimen,

Glossary.

cess and tree-based classification rules.
microarray or real-time RT-PCR.

come (relapse or death in patients with cancer).

Decision tree: A statistical tool for predicting which patient belongs to which specific class (e.g., good or poor clinical
outcome) on the basis of feature information (gene-expression levels), with the use of a recursive-partitioning pro-

Gene-expression profiling: Determination of the level of expression of thousands of genes simultaneously by DNA
High-risk gene signature: Aberrant expression of a panel of genes in tissue that signifies a high risk of an adverse out-

Independent cohort: An independent group of patients having clinical characteristics similar to those of an original
group of patients in a study. The independent cohort is used to confirm the findings of the original study.

Risk gene: A gene for which altered expression in the tissue of interest is associated with an increased risk of an ad-
verse clinical outcome (relapse or death in patients with cancer).

Risk score: A score that predicts the likelihood of an individual patient’s survival on the basis of statistical analysis
of risk factors (the expression levels of risk genes) associated with survival.
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amplified it using an amplification kit (Ambion),
and labeled it with digoxigenin during reverse tran-
scription.?* The details of target preparation, hy-
bridization, color development, image analysis, and
spot quantification have been described previ-
Ously_1s,21,22

RT-PCR ANALYSIS
To validate the levels of expression of genes found
on microarray analysis, RT-PCR was performed on
16 genes and a control gene for TATA-box—bind-
ing protein (TBP), with the use of specific TagMan
probes and primer sets; the transcripts were am-
plified with reagent (TagMan One-Step RT-PCR
Master Mix Reagent, Applied Biosystems) and a
sequence detection system (ABI Prism 7900HT,
Applied Biosystems). Gene expression was quan-
tified in relation to the expression of TBP with the
use of sequence detector software and the relative
quantification method (Applied Biosystems) (for
details, see the Methods section of the Supplemen-
tary Appendix, available with the full text of this

article at www.nejm.org). We chose TBP as the in-
ternal control for real-time RT-PCR because it is
invariant in clinical cancer specimens.?3

STATISTICAL ANALYSIS
The 125 specimens were randomly assigned to ei-
ther the training set or the testing set (see Table 1
of the Supplementary Appendix). The average in-
tensity for each gene in the microarray was as-
sessed. To reduce variation among microarrays, the
intensity values for samples in each microarray
were rescaled by means of a quantile normaliza-
tion method.?* To reduce background noise, back-
ground intensity values of less than 3000 were as-
signed the value of 3000.22 Each intensity value
was then log-transformed to a base-2 scale. Genes
with coefficients of variation of less than 3% were
excluded from further analyses. Finally, the gene-
expression intensity values were transformed to
ordinal coding values, according to the ranking
of the level of gene expression among the 485
genes in 125 patients (60,625 observations). The

Table 1. Hazard Ratios for Death from Any Cause for the 125 Patients with NSCLC and Results of Validation
of the 16-Gene Signature.*
Correlation
Coefficient for
Microarray Results
vs. Real-Time
Gene UniGene Number Hazard Ratio P Value} RT-PCR Results P Valuez
ERBB3 Hs.118681 1.73 0.03 0.59 <0.001
LCK Hs.470627 0.43 0.02 0.55 <0.001
DUSPG6 Hs.298654 2.12 0.01 0.46 <0.001
STAT1 Hs.470943 0.56 0.02 0.40 <0.001
MMD Hs.463483 2.50 0.04 0.27 0.006
CPEB4 Hs.127126 1.80 0.02 0.16 0.12
RNF4 Hs.66394 191 0.02 0.13 0.18
STAT2 Hs.530595 1.80 0.03 0.15 0.12
NF1 Hs.113577 1.60 0.04 -0.15 0.12
FRAP1 Hs.338207 0.46 0.04 -0.12 0.24
DLG2 Hs.503453 3.75 0.004 -0.09 0.37
IRF4 Hs.401013 1.68 0.03 0.06 0.57
ANXAS5 Hs.480653 0.34 0.004 0.06 0.57
HMMR Hs.72550 1.67 0.04 -0.03 0.79
HGF Hs.396530 1.66 0.03 0.02 0.82
ZNF264 Hs.515634 1.73 0.01 0.01 0.95

* The hazard ratios are reported for the high-risk signature versus the low-risk signature, as determined by microarray
analysis. The first five genes shown were selected for the prediction of survival and used in the decision-tree analysis.

T P values for the hazard ratios were estimated by univariate Cox regression analysis of the microarray data.

i P values for the correlation coefficients were estimated by Spearman’s rank-correlation test.
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intensity value was coded as 1 for expression levels
ranked as at or below the 25th percentile of the
total gene expression, 2 for levels above the 25th
and at or below the 50th percentiles, 3 for levels
above the 50th and at or below the 75th percen-
tiles, and 4 for levels above the 75th percentile.
Hazard ratios from univariate Cox regression
analysis were used to determine which genes were
associated with death from any cause or recur-
rence of cancer. Protective genes were defined as
those associated with a hazard ratio for death of
less than 1; risk genes were defined as those as-
sociated with a hazard ratio for death of more
than 1. We used univariate Cox proportional-haz-
ards regression analysis to evaluate the association
between survival and the level of expression of
each gene from microarray analysis.? For genes
that were significantly correlated with survival, we
used a linear combination of the gene-expression
coding values weighted by the regression coeffi-
cients to calculate a risk score for each patient.®°

16-Gene Signature

Risk scores were calculated for 16 genes. A patient’s
risk score was calculated as the sum of the levels
of expression of each gene, as measured by micro-
array analysis, multiplied by the corresponding re-
gression coefficients (see the Methods section of
the Supplementary Appendix). Patients were clas-
sified as having a high-risk gene signature or a
low-risk gene signature, with the 50th percentile
(median) of the risk score as the threshold value
(median, 4.9; range, 1.3 to 21.9). The median risk
score was chosen as the threshold value to reflect
the fact that almost half of patients with early-
stage NSCLC relapse within 5 years after poten-
tially curative surgery? and also in order to elimi-
nate the effect of extreme values in the training
cohort by ensuring that there were equal numbers
of patients in the high-risk and low-risk groups.
The risk scores and the threshold value derived
from the training cohort were not reestimated but
were applied directly to the testing cohort.

Five-Gene Signature

The levels of expression of the 16 genes were
confirmed by RT-PCR and indexed by Spearman’s
rank-correlation test.2° From these 16 genes, we
further identified five genes that were significant-
ly associated with survival. The levels of expres-
sion of these five genes, as measured by RT-PCR,
were used to construct the recursive-partitioning
decision tree.2”28 Avadis software2%:3° (Strand Ge-

nomic) was then used to classify patients as hav-
ing a high-risk gene signature or a low-risk gene
signature on the basis of the decision tree.

Our rationale for using a decision tree based
on RT-PCR rather than on microarray analysis
was practicality. RT-PCR uses a small number of
genes to capture the relevant covariate structure,
especially the complex interaction and nonlinear-
ity of levels of gene expression.?® In our univari-
ate-splitting tree, only one of the five genes was
used to make a splitting decision at each inter-
mediate node. To avoid overfitting, we used a
pruning method called minimum error (see the
Methods section and Fig. 1 of the Supplementary
Appendix).

The Kaplan—-Meier method was used to esti-
mate overall survival and relapse-free survival.
Differences in survival between the high-risk
group and the low-risk group were analyzed with
the log-rank test. Multivariate Cox proportional-
hazards regression analysis with stepwise se-
lection was used to evaluate independent prog-
nostic factors associated with survival, and the
five-gene signature, age, sex, tumor stage, and
histologic characteristics were used as covari-
ates. A P value of less than 0.05 was considered
to indicate statistical significance, and all tests
were two-tailed.

We also studied an independent cohort of
60 patients who underwent surgical resection of
NSCLC at the Taichung Veterans General Hospi-
tal between November 1999 and December 2003.
This cohort was used to validate our five-gene
risk-prediction model.

To further validate our model, we applied it to
microarray data from 86 patients with NSCLC, re-
ported by Beer et al.’® (available at http://dot.ped.
med.umich.edu:2000/ourimage/pub/Lung/index.
html). The five genes (and their corresponding
Affymetrix probe sets) were DUSP6 (X93920_at),
MMD (X85750_at), STAT1 (M97936_at), ERBB3
(S61953_at), and LCK (M26692_s_at); the control
gene was TBP (X54993_s_at). To make the levels
of gene expression from the microarrays and from
RT-PCR comparable, we log-transformed the mi-
croarray data to a base-2 scale after assigning a
value of 1.1 to intensity values of less than 1.1.
After log transformation, the levels of expression
of the five genes were divided by the level of ex-
pression of the control gene TBP in order to calcu-
late the relative level of expression. We applied the
decision-tree model to these relative levels of ex-
pression, using the data from 86 patients with
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NSCLC.° Because the maximum follow-up time variate Cox regression analysis showed that the
for the survival analysis in our study was 62 levels of expression of 16 genes correlated with
months, we used the 5-year survival data for the death from any cause: 4 were protective genes

86 patients. (associated with a hazard ratio of less than 1) and
12 were risk genes (associated with a hazard ratio
RESULTS of more than 1 (Table 1).
Table 1 of the Supplementary Appendix lists the
THE 16-GENE SIGNATURE AND SURVIVAL characteristics of the 125 patients in the first

On microarray analysis of tumors from the 125 analysis. Among the 63 patients in the training
patients, 485 of 672 genes had a coefficient of cohort, tumors with high risk scores expressed
variation greater than 3% and were thus includ- risk genes, whereas tumors with low risk scores
ed in the analyses. Hazard ratios from the uni- expressed protective genes (Fig. 1A). Patients with
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Figure 1. The 16-Gene Signature and Survival of 125 Patients with NSCLC.
Panel A shows the gene-expression profiles of the tumor specimens (according to the color scale shown); each col-
umn represents an individual patient. The magnitude of the corresponding risk scores is represented by the slope
of the red triangle. Also shown are Kaplan—Meier estimates of overall and relapse-free survival according to the
16-gene microarray signature in the training cohort (Panel B) and the testing cohort (Panel C).
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a high-risk 16-gene signature had a lower median
overall survival than those with a low-risk 16-gene
signature (20 months vs. not reached) (Fig. 1B).
Tumors with a high-risk gene signature were as-
sociated with a lower median relapse-free survival
than tumors with a low-risk gene signature (12
months vs. not reached) (Fig. 1B). The median
duration of follow-up in the training cohort was
20 months.

Results in the testing cohort were similar to
those in the training cohort. Among the 62 pa-
tients, tumors with high risk scores expressed risk
genes, whereas tumors with low risk scores ex-
pressed protective genes (Fig. 1A). Patients with
a high-risk 16-gene signature had a lower me-
dian overall survival than those with a low-risk
gene signature (Fig. 1C). Tumors with a high-risk
gene signature were associated with a lower me-
dian relapse-free survival than tumors with a low-
risk gene signature (18 months vs. not reached)
(Fig. 1C). The median duration of follow-up in the
testing cohort was 18 months. Our entire micro-
array data set is available online (www.ncbi.nlm.
nih.gov/projects/geo/) under the data series acces-
sion number GSE4882.

THE FIVE-GENE SIGNATURE AND SURVIVAL
There was a significant correlation between the
results of microarray and RT-PCR analyses for the
gene-expression data for 5 of the 16 genes in 101
of the 125 tumor specimens (Table 1). These five
genes were for dual-specificity phosphatase 6
(DUSP6), monocyte-to-macrophage differentiation-
associated protein (MMD), signal transducer and
activator of transcription 1 (STAT1), v-erb-b2 avian
erythroblastic leukemia viral oncogene homo-
log 3 (ERBB3), and lymphocyte-specific protein ty-
rosine kinase (LCK).

We identified 59 patients with high-risk gene
signatures and 42 with low-risk gene signatures,
according to gene expression as measured with
RT-PCR and decision-tree analysis (see Fig. 1 of the
Supplementary Appendix). The structure of the
decision tree was based on the threshold of expres-
sion of each of the five genes, as automatically
determined according to a recursive-partition algo-
rithm. The use of this algorithm resulted in the
most accurate separation of patients with a high-
risk signature from those with a low-risk signa-
ture. Table 2 summarizes the clinical character-
istics of the 101 patients, hereafter called the
original cohort, according to their five-gene sig-

natures. The five-gene signature was strongly as-
sociated with overall survival (sensitivity, 98%;
specificity, 93%; positive predictive value, 95%;
negative predictive value, 98%; and overall accu-
racy, 96%).

The median follow-up of the 101 patients was
20 months. The patients with a high-risk gene
signature had a shorter median overall survival
than the patients with a low-risk gene signature
(20 months vs. 40 months, P<0.001 by the log-rank
test) (Fig. 2A). The high-risk gene signature was
associated with a median relapse-free survival of
13 months, whereas the low-risk gene signature
was associated with a median relapse-free sur-
vival of 29 months (P=0.002 by the log-rank test)
(Fig. 2B).

According to Cox multivariate regression anal-
ysis, the high-risk five-gene signature, tumor
stage III, and older age were significantly associ-
ated with death from any cause among the 101
patients (Table 3), and the high-risk five-gene sig-
nature and tumor stage III were significantly as-
sociated with recurrence of cancer as well (hazard
ratio for the high-risk signature vs. the low-risk
signature, 1.92; 95% confidence interval [CI], 1.06
to 3.46; P=0.03; hazard ratio for stage III vs. stage
I orII disease, 2.28; 95% CI, 1.33 to 3.91; P=0.003).
In a subgroup analysis of 59 patients with stage I
or II disease, those with a high-risk gene signa-
ture had a shorter overall survival and a shorter
relapse-free survival than those with a low-risk
gene signature (Fig. 2C and 2D, respectively).

VALIDATION OF THE FIVE-GENE SIGNATURE
The clinical characteristics of the 60 patients in the
validation cohort are listed in Table 2. The median
duration of follow-up was 17 months. Patients with
a high-risk gene signature had a shorter median
overall survival than those with a low-risk gene sig-
nature (21 months vs. not reached) (Fig. 2E). Ac-
cording to Cox multivariate regression analysis,
the five-gene signature was significantly associated
with overall survival (Table 3).

We analyzed the five-gene signatures in tumor
specimens obtained from patients in the valida-
tion cohort with stage I or stage II disease both
together and separately. Among patients with
stage I or II disease combined, those with a high-
risk gene signature had a shorter overall survival
than those with a low-risk gene signature (Fig.
2F). Among patients with stage I disease, low-risk
gene signatures were associated with a longer
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Table 2. Clinical Characteristics of the Original and Validation Cohorts.*

Characteristic

Original cohort

No. of patients 59
Age —yr 65.0+11.6
Sex — no. of patients (%)

Male 45 (76)

Female 14 (24)
Tumor stage — no. of patients (%)

lorll 29 (49)

i 30 (51)
Tumor type — no. of patients (%)

Adenocarcinoma 36 (61)

Squamous-cell carcinoma 19 (32)

Other 4(7)
Validation cohort
No. of patients 34
Age —yr 69.4+9.2
Sex — no. of patients (%)

Male 30 (88)

Female 4 (12)
Tumor stage — no. of patients (%)

lorll 20 (59)

i 14 (41)
Tumor type — no. of patients (%)

Adenocarcinoma 11 (32)

Squamous-cell carcinoma 20 (59)

Other 39

High-Risk Gene Signature

Low-Risk Gene Signature P Value
42
66.3+10.7 0.547
35 (83) 0.463
7 (17)
30 (71) 0.041
12 (29)
15 (36) 0.03§
20 (47)
7(17)
26
65.3+10.3 0.117
20 (77) 0.31%
6 (23)
22 (85) 0.046;
4 (15)
13 (50) 0.19§
11 (42)
2(8)

* The original cohort consisted of the 101 patients for whom the five-gene signatures from microarray analysis and
RT-PCR analysis were significantly correlated. Plus—-minus values are means +SD.

T The P value was calculated by the t-test.
i The P value was calculated by Fisher’s exact test.
§ The P value was calculated by the chi-square test.

overall survival than were high-risk gene signa-
tures (P=0.02 by the log-rank test). Among pa-
tients with stage II disease, overall survival did not
differ significantly between those with high-risk
and those with low-risk gene signatures, prob-
ably owing to the small number of patients.

We also validated the five-gene signature in an
independent set of microarray data from 86 pa-
tients from a Western population with NSCLC.©
Table 2 of the Supplementary Appendix lists the
clinical characteristics of these 86 patients accord-
ing to their five-gene signatures. The patients with
high-risk gene signatures had a shorter overall

survival than did those with low-risk gene signa-
tures (Fig. 2G) (P=0.06 by the log-rank test). Ac-
cording to Cox multivariate regression analysis,
the high-risk five-gene signature and tumor stage
III were significantly associated with death from
any cause (Table 3).

DISCUSSION

NSCLC is a heterogeneous disease. Even in patients
with similar clinical and pathological features, the
outcome varies: some are cured, whereas in others,
the cancer recurs. Staging systems for lung can-
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cer that are based on clinical and pathological find-
ings may have reached their limit of usefulness for
predicting outcomes, but molecular methods add
value. Gene-expression profiling with the use of
microarrays®* or PCR>° has been shown to esti-
mate the prognosis for patients with lung cancer
accurately.1°-1® However, the use of microarrays in
clinical practice is limited by the large number of
genes in the analysis,'” complicated methods, lack
of reproducibility and independent validation of
the results, and the need for fresh-frozen tissue.”
RT-PCR involving a small number of genes may be
a more clinically useful method. It allows for ac-
curate and reproducible quantification of results
for RNA obtained from small amounts of paraf-
fin-embedded specimens.*”3! The results of RT-
PCR performed on 8 genes, selected from a total
of 45, have recently been shown to correlate with
the outcomes of lung adenocarcinoma.’

We identified an RT-PCR-based five-gene sig-
nature (including DUSP6, MMD, STAT1, ERBB3, and
LCK) using risk scores based on microarray and
decision-tree analyses of 125 frozen tumor spec-
imens from patients with NSCLC. The specimens
were randomly divided into a training set (63
specimens) and a testing set (62 specimens). The
presence of a high-risk five-gene signature in the
NSCLC tumors was associated with an increased
risk of recurrence and decreased overall survival.

Our selection of genes in the microarray train-
ing set was validated in the microarray testing set,
and the patterns of gene expression found on mi-
croarray analysis were validated by RT-PCR. Our
results were also validated in an independent co-
hort of 60 patients who were treated at the Tai-
chung Veterans General Hospital. These results in
our Chinese patients were also validated with the
use of a set of published NSCLC microarray data
from patients from a Western population with
NSCLC. Thus, we believe that the data we obtained
using the five-gene signature are reliable.

The identification of five genes that are close-
ly associated with the outcomes in patients with
NSCLC has clinical implications. Cisplatin-based
adjuvant chemotherapy is effective in some pa-
tients with NSCLC.32 We propose that patients
who have tumors with a high-risk gene signature
could benefit from this type of adjuvant therapy,
whereas those with a low-risk gene signature could
be spared what may be unnecessary treatment.

Table 3. Hazard Ratios for Death from Any Cause Among Patients
with NSCLC, According to Multivariate Cox Regression Analysis.*

Variable Hazard Ratio (95% Cl) P Value
Original cohort

High-risk five-gene signature 2.82 (1.38-5.78) 0.005
Tumor stage Il 2.13 (1.16-3.93) 0.02
Older age 1.06 (1.03-1.09) <0.001
Validation cohort

High-risk five-gene signature 3.36 (1.35-8.35) 0.009
Validation microarray data set

High-risk five-gene signature 4.36 (1.01-18.76) 0.048
Tumor stage Il 7.50 (3.18-17.66) <0.001

* Variables were selected with a stepwise selection method. The equation used

to identify the high-risk five-gene signature is given in the Supplementary

Appendix. There were 101 patients in the original cohort (those for whom the
five-gene signatures from microarray analysis and RT-PCR analysis were sig-
nificantly correlated), 60 in the validation cohort, and 86 in the validation data

set. Cl denotes confidence interval.

Prospective, large-scale, multicenter studies are
necessary to test this idea.

The identification of five genes that can pre-
dict the clinical outcome in patients with NSCLC
may reveal targets for the development of thera-
py for lung cancer. STAT1 causes arrested growth
and apoptosis in many types of cancer cells by
inducing the expression of p21WA** and cas-
pase.3*3* MMD is preferentially expressed in ma-
ture macrophages.?> Our group has shown that
macrophage activation promotes cancer metas-
tasis,?? although the function of the MMD pro-
tein is unknown. DUSPG inactivates extracellu-
lar signal-regulated kinase 2 (ERK2) (also known
as mitogen-activated protein kinase 1 [MAPK1]),
resulting in tumor suppression and apoptosis.3°
ERBB3, a member of the epidermal growth fac-
tor receptor family of tyrosine kinases, can short-
en cell survival.?” LCK, a member of the Src fam-
ily of protein tyrosine kinases, is expressed mainly
in T cells and is one of the first signaling mol-
ecules downstream of the T-cell receptor. It plays
a key role not only in the differentiation and
activation of T cells but also in the induction of
apoptosis.®® In addition, LCK is expressed in many
cancers and regulates the mobility of cancer
cells.3940

In conclusion, the five-gene expression signa-
ture we identified is closely associated with the
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clinical outcome in patients with surgically re-
sected NSCLC. This signature could be useful in
stratifying patients according to risk in trials of
adjuvant treatment of the disease.
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