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A 50-gene signature is a novel scoring system
for tumor-infiltrating immune cells with strong correlation
with clinical outcome of stage I/II non-small cell lung cancer
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Abstract

Purpose To identify a novel system for scoring intratu-
moral immune response that can improve prognosis and
therapy decisions in early stage non-small cell lung cancer
(NSCLCO).

Methods/patients Eighty-four completely resected stage
I/IT NSCLC without adjuvant therapy were classified by
expression profiling using whole genome microarrays. An
external cohort of 162 tumors was used to validate the
results. Immune cells present in tumor microenvironment
were evaluated semiquantitatively by CD20, CD79, CD3,
CDS8, CD4 and CD57 immunostaining. Univariate and
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multivariate analyses of variables associated with recur-
rence-free survival were performed.

Results Initial molecular classification identified three
clusters, one with significantly better RFS. A reduced two-
subgroup classification and a 50-gene predictor were built
and validated in an external dataset: high and low risk of
recurrence patients (HR = 3.44; p = 0.001). Analysis of
the predictofs genes showed that the vast majority were
related to a B/plasma cell immune response overexpressed
in the low-risk subgroup. The predictor includes genes
coding for unique B lineage-specific genes, functional
elements or other genes that, although non-restricted to this
lineage, have strong influence on B-cell homeostasis.
Immunostains confirmed increased B-cells in the low-risk
subgroup. Gene signature (p < 0.0001) and CD20
(p < 0.05) were predictors for RFS, while CD79 and
K-RAS mutations showed a tendency.

Conclusions Favorable prognosis in completely resected
NSCLC is determined by a B-cell-mediated immune
response. It can be differently scored by a 50-gene expres-
sion profile or by CD20 immunostaining. That prognosis
information not reflected by traditional classifications may
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become a new tool for determining individualized adjuvant
therapies.

Keywords Gene expression - Molecular classification -
Immune response - Non-small cell lung cancer -
Early stages - Relapse-free survival

Introduction

Non-small cell lung cancer (NSCLC) represents 80 % of
all lung cancers and constitutes a leading cause of death
worldwide with 1.2 million new cases and over 1 million
deaths per year [1]. Currently, TNM classification is the
most important prognostic factor and guides treatment
decisions [2]. Surgery with curative intent is the corner-
stone for the management of early stages NSCLC, although
a significant number of patients will relapse. The 5-year
rates of local/regional recurrence reaches up to 16, 23, 37,
39 % for stage IA, IB, IIA or IIB patients [3]. Conse-
quently, there is a pressing need for identifying patients at
higher risk of relapse that could benefit from additional
adjuvant therapy, but also from the potential identification
of low-risk patients that could avoid the toxicity of this
adjuvant treatment [4].

Gene expression microarrays have been extensively
used to identify molecular signatures able to predict dis-
ease-free or overall survival. In NSCLC, prognostic sig-
natures have been built in different tumor stages [5-17], by
different analytical methods (supervised or unsupervised),
for the most frequent histological subtypes: adenocarci-
noma [5, 12, 13, 17] and Squamous Cell Carcinoma (SCC)
[16].

Patients and methods
Patient selection

All patients diagnosed with NSCLC from 2001 to 2008 at
Hospital Clinico San Carlos (HCSC), Madrid, Spain, with
stages I/II (7th edition of the AJCC classification) were
reviewed. Finally, 84 patients fulfilled the following cri-
teria: (1) NSCLC tumors completely resected without close
margins (RO) and with complete mediastinal lymph node
dissection performed by the same surgical team, (2) no
neoadjuvant/adjuvant treatment administered before/after
surgery (at least until recurrence), (3) minimal follow-up if
no recurrence was detected (24 months), (4) no evidence of
other tumors at any time and (5) high-quality frozen tumor
samples were available in the Biobank of our institution,
with at least a 70 % tumor cell population and no extensive
necrosis. Data regarding the clinicopathological variables

were collected. No extracapsular extension was observed in
the three stage IIB cases with positive nodes. The study
protocol was approved by the Ethics Committee and the
informed consent was obtained from each participant
before enrollment in the study.

Tumor samples and RNA extraction

Total RNA was extracted using TRIZOL (Invitrogen, Carls-
bad, CA) and a homogenizer (Ultraturrax T8-S8N-5G Rose
Scientific Ltd., Canada) treated with DNAse using RNeasy
Microkit (Qiagen GmbH, Germany). RNA quality was
measured by Agilent Bioanalyzer 2100 (Agilent Technolo-
gies, Palo Alto CA, USA) and samples with a RIN (RNA
Integrity Number) >7.5 were selected for the analysis.

Study of histopathological variables and mutational
analysis of the tumors

Histopathological features such as tumor-infiltrating lym-
phocytes (TILs), acute inflammation, chronic inflammation
or necrosis were assessed in tumor samples by two pathol-
ogists independently. TILs were considered positive when
more than two lymphocytes per high power field (HPF) were
identified within epithelial cell of the glandular tumoral
component. Acute inflammation was considered positive
when more than two polymorphonuclear cells (PMN) per
HPF were identified. Chronic inflammation was classified as
moderate or strong when lymphoplasmacytic cells were
found in the tumoral stroma representing at least 10 or 20 %,
respectively, of the total cell population; otherwise, it was
classified as absent/weak. Necrosis was considered high
when more than 5 % of the tumor showed necrotic areas.

Immunostains for immune cell markers (CD20, CD3, CD4,
CDS8, CD57, CD79) were performed on 5-pum thick sections
obtained from paraffin-embedded tissue blocks, following our
standard protocols, using DAKO ready-to-use antibodies, and
DAKO Autostainer Plus System (Dako Cytomation, Carpin-
teria, CA, USA). Stained sections were reviewed by two
pathologists semiquantitatively and the presence of positive
cells throughout the whole section of the tumor was classified
as weak or absent, moderate (10-30 cells/mm?) or strong
(>30/mm?). Figure 4 shows representative cases.

K-RAS (codon 12 and 13), B-RAF (V600E) and EGFR
(L858R in exon 21 and deletions in exon 19) were evalu-
ated by PCR and capillary electrophoresis (see supple-
mental material)

Microarray profiling and data analysis
Gene expression profiles of 84 NSCLC were determined

using two-color Agilent Microarrays (G4112F) as
explained in Perez-Villamil et al. [18]. A pool of RNA
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obtained from 42 normal lung parenchyma samples was
used as reference. As a quality control, Spikelns were
included. Procedures followed the recommendations of the
manufacturer (manual G4140-90050.v5.7). Fluorescence
was quantified and normalized (LOWESS) using Agilent
scanner and Feature Extraction 10.7.3 software.

Data analysis was carried out using GeneSpring 11.5
(GS11.5) (Agilent) and BRB Array Tool 4.1 (BRB.4.1)
developed by Dr. Richard Simon and BRB-ArrayTools
Development Team. Flagged and absent spots were elim-
inated when present in more than 10 % of the samples.
Spots representing the same gene (Entrez ID) were aver-
aged. Resulting data set contained 84 tumor samples and
17,881 genes (g).

Tumor molecular classification

A list of 3,232 g was obtained after the exclusion of
invariable genes and retaining only genes that had at least a
threefold expression change from the median value in more
than 10 % of samples. A second gene filtering excluded the
genes differentially expressed between adenocarcinomas
and SCCs (>1.5 fold-change and a p value <0.01 using an
unpaired T Test with Benjamini and Hochberg correction
(B & H). A gene list of 2,160 g was obtained. Tumors were
classified following a two-step procedure: (a) Hierarchical
clustering used to uncover the overall sample distribution;
(b) K means applied to decrease intra-cluster heterogeneity
and increase inter-cluster variability. Pearson centered
correlation was applied to both techniques.

Development of the predictor and validation of results
in an external cohort

To confirm the prognostic value of the molecular classifi-
cation, a predictor was developed using the HCSC cohort
(training) and applied to an external cohort (validation) that
included 162 samples from the study by Roepman et al. [9].
Using Distance Weighted Discrimination-DWD-software
[19], both data sets were combined in a single data set of
246 samples and 17,881 genes. Prediction analysis of
microarrays (PAM) was used to generate the predictor [20].

Statistical analysis

We used SPSS 13.0 for Windows (SPSS Inc., Chicago,
USA). Molecular subtype association with quantitative
clinicopathological variables was analyzed by Kruskal—-
Wallis test. When necessary, post hoc tests were done
using a Mann—Whitney U test. Chi Square/Fischer’s exact
test assessed the association with qualitative parameters.
All statistical analyses were two sided and considered
significant when p value <0.05.

@ Springer

RFS was defined as the time from surgery to first con-
firmed relapse, otherwise the data were censored on the
date of death or the last follow-up. Kaplan—Meier curves
(K-M) and log-rank test assessed the probability of
relapse-free survival for each molecular subtype and the
other parameters evaluated. A Cox’s proportional hazards
regression model was fitted to estimate survival distribu-
tions and hazard ratios. Finally, a multivariate Cox model
was also built including variables with p < 0.1 from uni-
variate analysis and clinically relevant prognostic
variables.

Results

Histopathological variables description and prognostic
evaluation

Table 1 describes the demographic features, histopatholo-
gical variables and mutational analysis of our 84 NSCLC
patients: 85.7 % males and 14.3 % females, mean age at
diagnosis of 66.5 (£10.2) years old. Mean follow-up was
1,379 days with a 34.5 % recurrence rate. Seventy-one
percent of the patients were stage I NSCLC and 28.6 %
were stage II. Adenocarcinoma and SCC histopathological
subtypes represented over 90 % of tumors. Presence of
TILs and acute inflammation was observed in 63 and 43 %
of the patients, respectively. Signs of chronic inflammation
were present in almost all patients, but only 20 % of them
were classified as moderate—strong inflammation. Muta-
tional analysis revealed K-RAS alterations in 13 % of the
patients, EGFR in 1.2 % and no B-RAF mutations were
detected. No statistical association was found between RFS
and histopathological subtype, tumor stage, chronic
inflammation or any other clinicopathological parameter.
Only K-RAS mutations showed a tendency towards a
shorter RFS (p = 0.072) (Table 1).

Identification of three molecular subgroups
and association with RFS: validation in the external
cohort

Microarray raw data are available in the ArrayExpress
database (http://www.ebi.ac.uk/arrayexpress) under acces-
sion number E-MTAB-1790. Hierarchical clustering of the
84 samples using the 3,232 g distinguished two clusters
(Supp. Fig. 2). Almost all SCC samples (97 %) were
classified in one of the clusters (Cluster A) while 90 %
adenocarcinoma cases were in the second cluster (Cluster
B). No significant differences for RFS were found between
Cluster A and B (p = 0.887). Since histological subtypes
affected strongly tumor classification, we generated a new
molecular classification after eliminating the genes
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Table 1 Distribution of clinicopathological and molecular variables.
Statistical association (Kaplan—-Meier) with relapse free survival

Parameter Patients % Association 95 % CI HR
with RFS
Age (years)
% Mean (SD) 66.5 - 0.676
(10.2)
Sex
Male 72 85.7 0.357 0.63 (0.24-1.68)
Female 12 14.3
Histop. Subtype
SCC 39 46.4 0.733
Adenocarcinoma 40 47.6 1.19 (0.56-2.55)
Large cell 2 2.4 1.92 (0.25-14.8)
Adenosquamous 3 3.6
Stage (AJCC 7th)
Stage I 60 71.4  0.989
Stage II 24 28.6 0.99 (0.44-2.26)
Lymph nodes
NO 81 96.4  0.699
N1 3 3.6
Smoking status*
Non-smoker 5 6.1 0.954
Ex-smoker 42 51.2 1.27 (0.28-5.76)
Smoker 35 42.7 1.04 (0.47-2-29)
Differentiation
Poorly 37 440 0.784 1.38 (0.54-3.52)
Moderate 25 29.8 1.30 (0.48-3.50)
Well 22 26.2
K-RAS mutation
Wild type 73 86.9 0.072
Mutated 11 13.1 2.24 (0.91-5.54)
Necrosis
Low 57 67.9 0.235
High 27 32.1 1.35 (0.61-3.00)
TIL
Present 53 369 0425
Absent 31 63.1 1.32 (0.56-3.21)
Chronic inflammation
Absent/weak 67 79.8  0.523
Moderate/strong 17 20.2 0.85 (0.38-1.88)
Acute inflammation
Absent 48 57.1 0.668
Present 36 429 0.85 (0.40-1.81)
Keratinization
Absent 76 90.5 0.399
Present 8 9.5 0.54 (0.13-2.30)
CD20 IHC
Weak/absent 42 50 0.15 (0.05)** 1.99
(0.93-4.26)**
Moderate 31 37
Strong 11 13
CD79
Weak/absent 45 53 0.309 (0.08)**  1.47 (0.70-3.3)**
Moderate 26 31
Strong 13 15

Table 1 continued

Parameter Patients % Association 95 % CI HR
with RFS

CD3
Weak/absent 35 42 0.275 (0.875)**  1.06 (0.5-2.25)**
Moderate 38 45
Strong 13 13

CD57
Weak/absent 55 65 0.448 0.74 (0.34-1.62)
Moderate/Strong 29 35

CD8
Weak absent 42 50 0.578 1.21 (0.5-2.15)
Moderate/strong 42 50

CD4
Weak absent 48 57.1 0.688 1.22 (0.4-2.07)
Moderate/strong 36 429

* Smoking status for two patients was not available

** Statistical analysis for RFS performed after grouping strong and moderate
vs weak/absent

LNI Lymph node involvement, TIL Tumor-infiltrating lymphocytes

RFS for NSCLC in HCSC series:
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Fig. 1 Kaplan—-Meier curves for relapse-free survival (RFS) of the
three clusters in the HCSC “training” cohort of patients. 84 HCSC
patients with stage I and II NSCLC and 2,160 genes molecular
classification. Hash symbol indicates number of samples included in
each group

differentially expressed between adenocarcinoma and SSC.
The resulting list of 2,160 g was used to obtain a novel
molecular classification of the 84 samples. Unsupervised
analysis identified three clusters of approximately equal
proportions (30, 25 and 29 samples respectively) (Supp.
Fig. 3). Smoking status (p = 0.002), lymph node involve-
ment (p = 0.041) and chronic inflammation (p = 0.002)
showed a significant association with the molecular clas-
sification (Supp. Table 1). K-M curves revealed a strong
association of the molecular classification with RFS
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RFS for NSCLC in validation dataset:
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Fig. 2 Kaplan—-Meier curves for relapse-free survival (RFS) of the
three clusters in the external validation dataset. 162 patients with
stage I and II NSCLC from the validation dataset and 1,000 genes
molecular classification. Hash symbol indicates number of samples
included in each group

(p = 0.004). Patients classified as Cluster-1 and -2 had
shortened RFS than patients of Cluster-3 (Fig. 1). Cox
regression model estimated a HR = 6.405 (95 % CI
1.8-22.3; p = 0.004) for Cluster-1 and a HR = 4.954
(95 % CI 1.4-17.8; p = 0.014) for Cluster-2 compared to
Cluster-3. No significant differences were found between
Cluster-1 and Cluster-2 (p = 0.526). Multivariate Cox
model (Supp. Table 2) confirmed molecular classification
as an independent prognostic factor after adjusting by
tumor stage, CD20 and K-RAS status.

A 1,000 g predictor for the three molecular subgroups
classification was developed from the list of 2,160 genes
using the prediction analysis of microarrays technique
(PAM) to reduce the number of genes and applied to the
external cohort (n = 162) (Fig. 2). The cohort included 92
SCC, 58 AD, 10 LCC and 2 adenosquamous carcinomas.
The rate of post-surgical recurrence was 34.5 % as a total
of 56 patients developed tumor recurrence after surgery
with curative intent.

Development of a low-risk predictor and validation
in the external cohort

Since there were no differences in RFS between Clusters 1
and 2, we designed a simplified classification distinguishing
only between high-risk (Cluster 1 + Cluster 2) and low-risk
patients (Cluster 3). A 50 g predictor (Supp. Table 3) was
generated and used to classify the validation dataset
(n = 162) in the high- or the low-risk group. K-M curves
showed a significant difference in RFS (p value = 0.001)

@ Springer

(Fig. 3). Cox regression model confirmed the ability of our
predictor to distinguish between high- and low-risk patients
(HR = 3.44; 95 % CI 1.6-7.3; p = 0.001). Furthermore,
our 50 g predictor was also able to recognize high- and low-
risk patients within stages I and II, separately (Fig. 3a and
b). HR of high-risk vs low-risk patients of 3.17 (95 % CI
1.2-8.3; p value = 0.018) for stage I and HR of 3.56 (95 %
CI 1.1-12; p value = 0.041) for stage II.

Immunological nature of the 50-gene signature

Analysis of the predictor’s 50 genes showed that the vast
majority were related to a B/plasma cell immune response
overexpressed in the low-risk subgroup. Gene Ontology
(GO) term enrichment analysis revealed an over-represen-
tation of terms related to immune system process
(GO:0002376; p = 3.47E—08), immune response
(GO:0006955; p = 1.98E—08) and response to stimulus
(GO:0050896; p = 0.023). Immunostaining for B-cell
(CD20, CD79), T-cell (CD3, CD4, CD8) and NK-cell
(CD57) markers confirmed an increased presence of B-cells
in tumor microenvironment of the low-risk molecular sub-
group while T and NK cells showed no significant differ-
ences among molecular subgroups (Table 1).
Immunostains also showed (Table 1; Fig. 4) that B-cell
markers correlated with RFS: CD20 positivity (moderate or
strong) (p = 0.05) and CD79 showed a tendency
(p = 0.08). T-cell (CD3, CD4 and CD8) or NK-cell
markers (CD57) showed no prognostic significance. Our
50-gene signature predicts RFS better than CD20 immu-
nostaining and traditional TNM staging (Fig. 5).

Discussion

In this study, we describe the development of a 50-gene
predictor that identifies a group of early stage completely
resected NSCLC patients with a lower risk of recurrence.
Molecular classification showing differences in tumor
recurrence was obtained after eliminating the genes differ-
entially expressed between adenocarcinoma and SCC. At
early stages NSCLC, our classification was able to identify,
independently of the TNM, one group of patients with lower
likelihood of recurrence and two groups of patients with
higher likelihood of recurrence. Since there were no differ-
ences in recurrence between the two clusters with higher risk,
a simplified classification in two groups was established, one
high and one low risk of recurrence groups of patients. A
50-gene low-risk predictor was built and validated in the
external dataset. According to National Comprehensive
Cancer Network (NCCN) guidelines, the TNM staging sys-
tem and the extent of residual tumor after resection currently
guides treatment decisions for stage I and II tumors. In the
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case of completely resected stage IA NSCLC, risk factors
that signal the need for adjuvant chemotherapy include poor
differentiation, vascular invasion, wedge resection, and
minimal margins. However, the fact that disease relapse rates
are as high as 30 %, even among stage 1A patients [3]. Those
conventional parameters for patient management, including
tumor stage (IA, IB, IIA, IIB), and other clinicopathological
variables showed a limited usefulness for predicting out-
comes in our series of carefully selected RO Stage I and II
NSCLC, in agreement with other authors [4]. Only the pre-
sence of K-RAS mutations appears to be a poor prognostic
indicator, in line with other authors [21]. Microarray study
limitations due to a lack of appropriate experimental design
have been recently referred by Subramanian et al. [22] Our
study, to overcome these shortcomings [22, 23], carefully
describes the patient inclusion criteria, patient characteris-
tics, tissue handling and the statistical and analytical meth-
ods employed. Surgical procedures, inadequate mediastinal
lymph node dissection, extracapsular spread, multiple

positive hilar nodes, and close margins are variables that can
influence recurrence beside TNM staging, not described in
most previous expression profiling studies. Thus, our
molecular classification includes samples belonging to dif-
ferent NSCLC subtypes making easier its application in
other datasets and avoiding the shortcomings of predictors
built with only one histopathological subtype pointed out by
Houet et al. [13].

The identified 50 g predictor reflects by its composition
the great importance of an immune response for the
prognostic of lung cancer patients. The predictofs 50 g
were overexpressed in the low- compared to the high-risk
group and the vast majority of them were, or might be,
related to B/plasma cells. The predictor includes genes
coding for unique B lineage-specific genes such as Ig
molecules, B-cell receptor (CD79a) and B-cell lineage-
specific marker (CD19) or for functional elements such as
B-cell-specific transcriptional co-activator (POU2AF1) and
marginal zone B1 cells (MZB1).Other genes, although non-
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restricted to this lineage, have strong influence on B-cell  specific genes for T-cells, NK cells or macrophages were

homeostasis such as TNFRSF17, SLAM7F, CXCL13 and  differentially expressed between high- and low-risk
IRF4. In contrast to the B/plasma cells, almost no lineage-  patients. Although some of the predictor genes have
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traditionally been ascribed to T-cells, like Granzyme B,
CD38, CD27 and another genes like Ig Fc receptors
(FCRLA, FCRLS, FCRL2), they can also be expressed by
B/plasma cells. For example, CD38 and CD27 are strongly
upregulated in plasma cells/plasmablasts promoting their
proliferation and survival [24], CD27 is also a marker of
memory B-cells [25] and Pim-2 is an anti-apoptotic
mediator, for the B-cell lineage as well [26, 27]. This is
also the case for Granzyme B [28]. The finding that IGHA
(alpha heavy chain) ranks in the first position of the 50
genes points out to infiltrating plasma cells migrated from
blood, since most of circulating plasma cells are IgA + ve
[24]. This may fit with the fact that EFNA4 has been shown
to inhibit transmigration of B-cells through the vascular
endothelium [28], since it is overexpressed in patients with
worst prognosis (data not shown).

The only quite specific T-cell gene included in the 50 g
predictor was LAXI1. Its overexpression results in an
inhibition of T-cell activation [29]. This fits with a recent
study showing that “absence” of lung CD4 T-cells with an
effector phenotype emerged as a predictor of favorable
outcome in NSCLC [30]. Interestingly, Granzyme B,
overexpressed in our cohort, can be secreted by B-cells
differentiated into “cytotoxic” B-cells upon an incomplete
T-cell help [31]. Previously, activated T-cells were linked
to survival as detected by the gene expression of the quite
T-cell-specific LCK [32], but this kinase can be expressed
in many cancer cells [33] and even in B1 cells [34]. Im-
munostainings for different B, T or NK cells markers
showed that T and NK cells can be detected in both high-
risk and low-risk groups while B-cells in tumor microen-
vironment are more frequently found in the low-risk group
(p < 0.05).Although the immune mechanisms with prog-
nostic value have been related mainly to T-cells, the
involvement of B/plasma cells has also been described in
accordance with our results [35-37]. Ascierto et al. [35]
described a 5-gene molecular signature of tumor-infiltrat-
ing immune B-cells that can predict a low risk of distant
relapse in breast cancer patients regardless of ER, PR, or
HER-2 status. The relationship of B/plasma cell infiltration
and survival was also shown previously in medullary duct
breast carcinomas [36] and related to an antigen-driven
response directed to tumor-associated gangliosides [37].

Our gene signature can be used as an immunoscore for
NSCLC. Gallon et al. [38] have recently postulated that the
use of an immunoscoring, together with the TNM stage, is
necessary to make prognostic more accurate in cancer.
Different ways to quantify immune infiltration by light
microscopy or immunohistochemistry have been used [39].
In our series, CD20 or CD79 immunostaining for B-cell or
plasma cell, respectively, can be useful immunoscores,
although the 50-gene signature is a more powerful tool to
distinguish groups with different relapse-free survival

probability (Fig. 4). Our predictor is able to identify
patients with a worse prognosis that could benefit of
additional treatment and patients with a good prognosis
who may be candidates to avoid the toxic effects of adju-
vant therapy. In conclusion, our results have the potential
for improving early stage NSCLC patients management
selecting those patients at lower risk of recurrence while
opening new possibilities for immunotherapy and vaccine
development.
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