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A B S T R A C T

Purpose: To identify clinical and biometric features associated with overall survival of

patients with advanced refractory non-small-cell lung cancer (NSCLC) treated with gefiti-

nib.

Experimental design: One hundred and nine diagnostic NSCLC samples were analysed for

EGFR mutation status, EGFR immunohistochemistry, histologic morphometry and quanti-

tative immunofluorescence of 15 markers. Support vector regression modelling using the

concordance index was employed to predict overall survival.

Results: Tumours from 4 of 87 patients (5%) contained EGFR tyrosine kinase domain muta-

tions. A multivariate model identified ECOG performance status, and tumour morphome-

try, along with cyclin D1, caspase-3 activated, and phosphorylated KDR to be associated

with overall survival, concordance index of 0.74 (hazard ratio (HR) 5.26, p-value 0.0002).

Conclusions: System-based models can be used to identify a set of baseline features that are

associated with reduced overall survival in patients with NSCLC treated with gefitinib. This

is a preliminary study, and further analyses are required to validate the model in a random-

ised, controlled treatment setting.

� 2009 Elsevier Ltd. All rights reserved.
1. Introduction

The over-expression of epidermal growth factor receptor

(EGFR) in a variety of solid tumours, including non-small-cell

lung cancer (NSCLC), has made it an attractive target for

selective molecular therapeutics, specifically for tyrosine ki-

nase inhibitors (TKIs) such as gefitinib (IRESSA). Although ini-
er Ltd. All rights reserved

; fax: +1 914 377 4001.
N.com (M.J. Donovan).
tial results for gefitinib in pretreated patients were promising,

in two pivotal Phase III trials patients treated with gefitinib

did not demonstrate significantly better overall or progres-

sion-free survival compared with the placebo group.1,2 Fur-

thermore, in the Phase III, placebo-controlled IRESSA

Survival Evaluation in Lung Cancer (ISEL) trial, gefitinib

monotherapy was associated with some improvement in
.
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overall survival; however, the results did not reach statistical

significance.3

An objective response to gefitinib has been linked to sev-

eral molecular, demographic and clinical-pathologic factors

including activating mutations in the ATP pocket of EGFR, tu-

mour histology (adenocarcinoma – bronchoalveolar variant),

amplification of the EGFR gene, Asian race, female gender,

non-smoking history and good performance status.4–7

Encouraging data from the recent iTARGET trial demonstrated

an improved outcome when patients were treated with first-

line gefitinib therapy based on their EGFR mutation status.8

Although the results need to be compared with more tradi-

tional therapies, the study does provide some preliminary evi-

dence for the future of ‘genotype-based’ treatment decision-

making. In addition, evidence from the ISEL trial suggested

that high EGFR gene copy number was predictive of clinical

benefit and survival. Of note, a recent open-label Phase III

study compares gefitinib with docetaxel in patients with lo-

cally advanced disease; however, this did not find an associa-

tion with EGFR gene copy number and outcome.9 Both the

studies illustrate the importance of deriving base line charac-

teristics from the patient’s primary tumour sample when

developing a comprehensive management and treatment

plan, and indicate that different patients derive different de-

grees of clinical benefit from treatment with EGFR TKIs.

We previously developed models to predict disease pro-

gression and therapeutic outcome for patients with prostate

and breast cancers using a systems pathology platform.10–13

In this approach, conventional clinical-pathologic informa-

tion is integrated with biometric features from the tumour

specimen, using machine learning to interpret the complex

data sets.10,12 In the current study, we analysed 109 patients

with refractory NSCLC, all treated with gefitinib using an Ex-

panded Access Programme (EAP). We sought to determine

EGFR mutation status in the patients’ diagnostic tumour and

to use systems pathology to identify a baseline phenotype

predictive of overall survival.

2. Methods

2.1. Patients and tissues

This study was approved by the institutional review board of

the Sarah Canon Cancer Research Centre, and where appro-

priate all patients provided informed consent. The initial co-

hort consisted of 284 US patients with advanced refractory

NSCLC treated with 250 mg gefitinib orally each day. Six clini-

cal variables were analysed: gender, smoking history, age at

diagnosis, tumour histology, number of prior chemotherapies

and ECOG performance status (a scale ranging from 0, healthy,

to 5, death from disease). Unstained de-paraffinised slides

(fine needle aspirates, cell pellets or cytospins) and/or paraffin

blocks from the diagnostic specimen were evaluated with

hematoxylin and eosin (H&E) for tumour content. All biomark-

ers were analysed without knowledge of clinical outcome.

2.2. EGFR mutation analysis

Two sequential 20-lm sections from each paraffin block or P8

unstained sections from paraffin slides were analysed. Geno-
mic DNA was obtained from de-paraffinised samples by incu-

bation with proteinase K, then by chloroform extraction and

ethanol precipitation. EGFR mutations were analysed primar-

ily by DNA sequencing of exons 19, 20 and 21, and secondarily

using the amplification refractory mutation system (ARMS),

specifically allele-specific polymerase chain reaction (PCR) to

detect the L858R mutation and del G2235-A2249. Patients

were considered mutation positive if a mutation in the tyro-

sine kinase domain was detected by either ARMS or sequenc-

ing in both forward and reverse directions in at least two

independent PCR products.

2.3. Histologic morphometry

H&E-stained slides were prepared from the original blocks or

unstained sections. One to six images from representative

areas of tumour were acquired with an Olympus bright-field

microscope at 20· magnification using a SPOT Insight QE

camera (KAI2000). Image analysis software10 classified image

objects as histopathological cellular elements, exhibiting par-

ticular colour channel values, generic shape features (e.g.

area and length), and spatial relationship properties (e.g.

amounts of lumen relative to total tissue), from which statis-

tics were generated. Due to differences in sample preparation

(i.e. cytospin, needle biopsy and tissue resection) fixation,

staining, and tissue quality, several different scripts were

developed for image segmentation.

2.4. EGFR immunohistochemistry

EGFR was analysed by immunohistochemistry using the EGFR

pharmDX kit (DAKO, Glostrup, Denmark). A staining index

with range 0–300 was calculated for each sample by multiply-

ing each intensity level (0–3) by the percentage of cells at that

intensity level.

2.5. Multiplex (M-PlexTM) biomarker assessment

Fifteen antibodies were selected (Table 1). Each antibody was

initially evaluated by immunohistochemistry on a series of

cell lines and/or control lung cancer tissue samples with

appropriate negative controls. To confirm specificity of the

pEGFR and pERK antibodies, extracts of A431 NSCLC cells with

or without EGF treatment were immunoprecipitated with

these antibodies, followed by Western blotting. Similar tests

were performed with pKDR in HUVEC cell lines activated with

VEGF. In addition, for both EGF and VEGF, treated and

non-treated cells were processed for routine immunohisto-

chemistry. The 15 antibodies were organised into six multi-

plex formats (Table 1).

After de-paraffinisation and rehydration of tissue samples,

slides were boiled in a microwave oven for 7.5 min in 1X Re-

veal Solution (BioCare Medical, Concord, CA) for antigen re-

trieval. After cooling for 20 min at room temperature, slides

were washed twice for 3 min in phosphate-buffered saline

(PBS).

To help permeate the cellular structures, samples were

incubated in PBT (PBS with 0.2% Triton X-100) at room tem-

perature for 30 min, followed by three rinses of 3 min each

in PBS. To reduce autofluorescence, samples were incubated



Table 1 – Antibodies and multiplex immunofluorescence groupings.

M-plex group Antibody Vendor Catalog # Isotype Dilution Fluorescent label

1 Cytokeratin 18 Vector VC-C414 Mouse IgG1 1:250 1� – 488

Cyclin D1 BioCare Med. CP236B Rabbit IgG 1:100 1� – 568

2 Cytokeratin 18 Vector VC-C414 Mouse IgG1 1:250 1� – 488

Ki-67 Ventana 790-2910 Mouse IgG1 1:75 of pre-diluted 2� – 555

PI3 kinase Cell Signalling 3821 Rabbit IgG 1:20 1� – 568

Caspase-3 activated Chemicon ab3623 Rabbit IgG 1:5 2� – 594

3 Cytokeratin 18 Vector VC-C414 Mouse IgG1 1:200 1� – 488

CD-34 Dako M7165 Mouse IgG1 1:50 2� – 555

p-mTOR Cell Signalling ab2971 Rabbit IgG 1:50 1� – 568

pERK Cell Signalling ab4376 Rabbit IgG 1:5 2� – 594

4 Cytokeratin 18 Vector VC-C414 Mouse IgG1 1:200 1� – 488

pAKT S473 Abcam ab4802 Rabbit IgG 1:20 1� - 555

PTEN NeoMarkers MS1797 Mouse IgG1 1:50 2� – 568

KDR [VEGFR2] Upstate 07-158 Rabbit IgG 1:450 2� – 594

5 Cytokeratin 18 Vector VC-C414 Mouse IgG1 1:250 1� – 488

VEGF Abcam ab1316 Mouse IgG1 1:50 2� – 555

pKDR Upstate 07-374 Rabbit IgG 1:150 2� – 594

6 Cytokeratin 18 Vector VC-C414 Mouse IgG1 1:10 2� – 488

EGFR Dako K1492 Mouse IgG1 Pre-diluted 1� – 555

pEGFR, Y1068 Abcam ab5644 Rabbit IgG 1:250 1� – 594
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in acid alcohol (1% HCl in 70% ethanol) at room temperature

for 20 min, followed by three rinses of 3 min each in PBS.

Slides were blocked in IF Blocking Reagent (0.5 mg/ml bovine

serum albumin in PBS) at room temperature for 20 min. Slides

were then advanced to hybridisation without additional

washes.

A cocktail of one mouse IgG1 antibody and one rabbit IgG

antibody was made using previously determined titres (Table

1) in IF Blocking Reagent. This cocktail (100 ll) was applied to

the tissue sample. Samples were incubated in a humidity

chamber at room temperature for 1 h, then rinsed for 5 min

each in PBT, then twice for 3 min each in PBS.

For labelling, a cocktail of the appropriate Zenon Alexa

Fluor Rabbit IgG label and Mouse IgG1 label (Invitrogen, Carls-

bad, CA) for the primary antibodies was made in IF Blocking

Reagent at 1:50 dilution for each Fab fragment. This labelling

cocktail (100 ll) was applied to the tissue samples. Samples

were incubated in a humidity chamber at room temperature

for 30 min, then rinsed twice. The hybridisation and labelling

steps were repeated for each subsequent group of antibodies

included in the multiplex. Up to two more rounds of antibody

hybridisation and labelling were possible.

Samples were fixed by incubation in 10% formalin at room

temperature for 10 min, then rinsed twice for 3 min each in

PBS. Approximately 25.0 ll of SlowFade Gold antifade reagent

(Invitrogen) with DAPI mounting solution was applied to the

samples, which were then cover slipped. Samples were stored

at –20 �C until the time of analysis.

Fluorescence images were acquired using a CRI Nuance

multispectral camera (Cambridge Research and Instrumenta-

tion, Woburn, MA) mounted on a Nikon 90i automated fluo-

rescence microscope, and were controlled by MetaMorph

software. Images were saved as quantitative greyscale TIFF

images (1280 by 1024 pixels). For the selected regions of inter-

est, DAPI was recorded at 480 nm using a bandpass DAPI filter

(Chroma, Rockingham, VT). Alexa 488 was captured between

520 and 560 nm in 10-nm intervals using an FITC filter (Chro-

ma). Custom-made longpass filters (Chroma) were used to re-
cord Alexa 647 between 640 and 720 nm in 10-nm intervals

and to record Alexa 555, 568 and 594 between 570 and

670 nm in 10-nm intervals. Representative regions for each

dye were allocated to create a spectral library for the spectral

un-mixing process.

2.6. Generation of immunofluorescent features

Immunofluorescent scripts for each antibody:antigen pair

were developed using control lung cancer tissue samples.

The scripts were designed based on the expected cellular dis-

tribution of each protein (nuclear for cyclin D1, Ki67, PTEN

and phosphorylated ERK [pERK]; cytoplasmic for CK18, cas-

pase-3a and VEGF; nuclear/cytoplasmic for phosphorylated

AKT; membrane for EGFR and KDR; and cytoplasmic/mem-

brane for phosphorylated KDR [pKDR], phosphorylated

mTOR, PI3K and phosphorylated EGFR [pEGFR]). The scripts

utilise the greyscale image to identify area and subsequent

fluorescent intensity for each marker. The image analysis

scripts overlay morphologic attributes (i.e. DAPI for nuclei

and CK18 for epithelial cells), and use the fluorochrome signa-

ture to differentiate individual antibodies while removing

background to optimise signal-to-noise ratios. The intensity

profiles generate features, including mean, maximum and

standard deviation for each labelled antibody. Relationships

of individual markers with their activated forms (e.g.

pKDR:KDR, pEGFR:EGFR) and the intensity of a specific marker

in cells that express another marker (e.g. phosphorylated

mTOR in pERK-positive epithelial cells) are generated through

the script feature analysis software. The scripts generated 84

features for entry in the models.

2.7. Statistical analysis

Time to death was defined as the time from initiation of gef-

itinib treatment to date of death or date of the last follow-up,

and was reported in weeks. Patients with no death recorded

were censored at the date of the last follow-up.



Table 2 – Characteristics of patients in the final predictive
model compared with the full cohort.

Characteristic 51 Patients in Full cohort
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We applied support vector regression for censored data

with feature reduction (SVRc-FR)10–12 on clinical variables

and features generated by M-PlexTM, histologic morphometry

and EGFR immunohistochemistry. SVRc,10–12 an adaptation

of SVR for accommodating censored data, uses a modified

loss/penalty function that allows processing of right-censored

and non-censored data. SVRc-FR uses an initial filtering step

to remove features not univariately correlated with the out-

come of interest, based on the concordance index (CI), which

is the probability of predicting the correct order of events for

two randomly chosen patients, where both died, or one died

before the last follow-up of the other. The CI ranges from 0

to 1, with 0.5 indicating a random association. CIs further

from 0.5 thus indicate stronger associations with outcome.

In SVRc-FR, only features with CI <0.4 or >0.6 are retained.14,15

The SVRc-FR algorithm initially builds a model incorporat-

ing all features. In each succeeding model, the algorithm

eliminates the feature with the lowest contribution (defined

as the feature weight in the model multiplied by the square

root of the standard deviation of the feature values from all

patients). The output model is the one with the best CI from

all models built.

For cut-point analysis, all model scores were examined as

candidates for the optimal cut-point, defined by the maxi-

mum chi-square; the p-value was adjusted to account for

inflation in type I error.

Multivariable Cox models were constructed using a step-

wise approach. All features with p-value 6 0.15 were entered

into the model. To stay in the model, a feature needed p-

value 6 0.05.
model: N (%) of 284: N (%)

Performance status

0 2 (3.9) 13 (4.58)

1 39 (76.5) 203 (71.48)

2 10 (19.6) 68 (23.94)

Gender
3. Results

Tissue samples from 109 of the 284 patients (38%) had suffi-

cient tumour (>50%) for further analyses. Patient characteris-

tics are shown in Table 2.

Female 22 (43.1) 126 (44.37)

Male 29 (56.9) 158 (55.63)

Histology

Adenocarcinoma 31 (60.8) 138 (48.59)

Bronchoalveolar 1 (2.0) 5 (1.76)

Large cell 5 (9.8) 36 (12.68)

Mixed 2 (3.9) 20 (7.04)

NSCL 5 (9.8) 30 (10.56)

Squamous 7 (13.7) 55 (19.37)

Smoking history

No 8 (15.7) 45 (15.85)

Yes 43 (84.3) 239 (84.15)

Chemotherapy regimens

0 1 (2.0) 19 (6.69)

1 19 (37.3) 106 (37.32)

2–3 25 (49.0) 135 (47.54)

4–6 6 (11.8) 24 (8.45)

Age

Mean ± SD 60.8 ± 12.83 63.02 ± 11.29

Median 62.0 64.0

Range 24.0–82.0 24.0–86.0

Survival

Deaths 50 (98.0) 268 (94.37)

Median survival, weeks 25.0 27.0
3.1. EGFR mutations

EGFR mutation analysis based on the known mutations in

exons 19–215,6,8 was performed on the 87 patients who had

clinical outcome data and sufficient material for DNA analy-

sis. Their median overall survival was 24 weeks, and the 1-

year overall survival was 26%. Four patients (5%) had an EGFR

tyrosine kinase domain mutation in exon 19, 20 or 21. Two of

these were in-frame deletions (delL747-S752insV and

delL747-P753insS), and two were point mutations (T790M or

L858R). All the four patients with EGFR mutation were fe-

male, and had been diagnosed with adenocarcinoma. Two

of these patients had achieved partial response and two pro-

gressed (Table 3).

Because of the low frequency of EGFR mutations, mutation

status was not used as a variable in subsequent model

development.

3.2. EGFR immunohistochemistry

EGFR was analysed by immunohistochemistry in regions of

tumour in the 61 patient samples for which tumour repre-
sented >50% of the sample area. The tumour staining index

varied greatly among samples. Fourteen samples (23%) exhib-

ited a staining index P200 suggestive of increased expres-

sion, while 20 (30%) had a staining index of 0. The tumour

staining index was the only immunohistochemistry variable

included in the predictive model.
3.3. Image analysis

Selected digitised images from 109 H&E-stained patient

samples were processed with imaging software. The soft-

ware segments and classifies individual tissue/cellular ele-

ments, segregating epithelial nuclei, epithelial cytoplasm,

stroma and alveolar lumens. Elements are classified using

spectral ‘colour’ characteristics, shape and spatial relation-

ships between tissue objects. Lumen, for example, is classi-

fied from a pattern of white space surrounded by alveolar

‘tumour’ epithelial cells. An example of a digitised H&E im-

age before and after segmentation is shown in Fig. 1. Thirty-

nine imaging features (including properties of epithelial nu-

clei, cytoplasm, stroma and lumen) were generated and en-

tered into the predictive models.



Table 3 – Outcomes of patients with EGFR mutations.

Patient number Exon Mutation Objective response Time to death, weeks

46 19 del L747-S752insV Partial response 65

127B 19 del L747-P753insS Partial response 92

69 21 L858R Progression 22

196 20 T790M Progression 4

1522 E U R O P E A N J O U R N A L O F C A N C E R 4 5 ( 2 0 0 9 ) 1 5 1 8 – 1 5 2 6
3.4. Quantitative M-PlexTM immunofluorescence

All 15 antibodies exhibited the expected cellular localisation

and distribution on control tissue samples (data not shown).

Tumour specimens from 59 patients were assessed. Represen-

tative regions of interest for each antibody were selected

based on quantity and quality of tumour within the sample,

avoiding regions of necrosis and cellular debris. At least three

fields were acquired per patient sample in each multiplex

analysis, and all images were processed using the immuno-

fluorescence software to generate 84 quantitative features,

which reflected protein signal intensity and area within tu-

mour epithelial cells.

The antigens under evaluation represented specific path-

ways involved in cell cycle regulation, apoptosis and angio-

genesis. Of significance, cyclin D1 was present within nuclei

of tumour epithelial cells (Fig. 2A and E), and was absent in

the selected specimens of bronchoalveolar carcinoma histol-

ogy (Fig 2B). Activated caspase-3 (Fig. 2C and F) was present

focally in tumour epithelial cells and infiltrating lymphocytes,

while pKDR (Fig. 2D and G) was present in both tumour epi-

thelial cells and stromal endothelial cells. VEGF co-localised

with pKDR (data not shown), supporting an autocrine–para-

crine mechanism within NSCLC. Finally, phosphorylated

mTOR was localised to tumour cells in both cytoplasm and

nuclei (Fig. 2H).

3.5. Predictive models

Models were based on data from the 51 patients for whom we

obtained complete data (clinical, immunohistochemistry and
Fig. 1 – Standard digitised H&E image of primary NSCLC (adeno

demonstrating alveolar lumen (arrows) and compact tumour ep

processing with image analysis software. Cellular components

cytoplasm (light purple), epithelial nuclei (blue), stroma (pink), s

lumen (white space; arrows). Magnification, 200·. (For interpreta

is referred to the web version of this article.)
immunofluorescence). Characteristics of these patients were

similar to those of the overall cohort (Table 2).

Using an integrative ‘systems pathology’ approach, we

developed eight models of overall survival, based on clinical

variables plus different combinations of the other three fea-

ture domains: EGFR immunohistochemistry, histologic mor-

phometry and immunofluorescence. Because the single

EGFR immunohistochemistry feature did not pass the CI filter

for model inclusion, the four models incorporating the immu-

nohistochemistry domain were identical to models without

this domain. Table 4 shows the four unique models and the

features selected, which are listed in order of their impor-

tance in the model as indicated by contribution. A positive

contribution for a feature means that higher values of the fea-

ture predict a better outcome (longer survival time), and a

negative contribution means that higher values predict a

worse outcome.

The model incorporating clinical, immunofluorescence

and histologic morphometry data had the best performance

(CI, 0.74), and was selected as the final model. By comparison,

the model incorporating only clinical data produced a CI of

0.62.

Model scores were analysed by a chi-squared statistic

based on the log-rank test.16 A cut-point of 39.5 most strongly

separated patients in terms of their actual survival experience

(chi-square, 21.39; adjusted p = 0.0002). Scores above 39.5 had

a hazard ratio of 5.26 (95% confidence interval: 2.60–10.62) for

risk of death over the study period. Kaplan–Meier curves for

patients above and below the cut-point are shown in Fig. 3.

The predictive value of individual features was further

tested by multivariable Cox analysis. Performance status
carcinoma; bronchoalveolar type). (A) Representative region

ithelial cells lining alveolar spaces. (B) The same image after

are classified with respect to compartment: epithelial

tromal nuclei including endothelial cells (green), alveolar

tion of the references to color in this figure legend, the reader



Fig. 2 – Representative examples of antibody:antigen distribution within NSCLC specimens. Composite images of Cyclin D1

(red; white arrows) in tumour epithelial nuclei of undifferentiated adenocarcinoma (A) and bronchoalveolar carcinoma (B);

(CK18 epithelial cells – green; DAPI nuclei blue). Composite images of Caspase-3 activated (C) and phosphorylated KDR (D)

(red; white arrows) focally in tumour epithelial cytoplasm and nuclei, respectively. Combined biomarker (red) plus DAPI

(nuclei-blue) illustrates heterogeneity of antigen distribution within cellular compartments from different patient samples:

cyclin D1 (E, white arrows, L = lymphocytes), Caspase-3 activated (F, white arrows, L = lymphocytes), phosphorylated KDR (G,

white arrows) and phosphorylated mTOR (H, white arrows, L = lymphocytes). Magnification, 200·. (For interpretation of the

references to color in this figure legend, the reader is referred to the web version of this article.)
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was a significant predictor of survival across all models (haz-

ard ratio (HR) in the four-domain model, 4.4; 95% confidence
interval, 1.96–9.92). Cyclin D1, pKDR, caspase-3, VEGF and

pERK were selected multiple times in various models,



Table 4 – SVRc-FR models.

Domains CI of best model Features chosen (in the order of importance) Feature contribution

Clinical 0.62 Performance status –4.766

Clinical + IF 0.73 Performance status –4.766

Caspase-3 mean intensity –2.4688

Cyclin D1 overall intensity –2.2744

pKDR variability –2.1261

Cyclin D1 mean intensity –2.0558

Clinical + H&E 0.68 Performance status –4.766

Relative area of lumen 2.5081

Clinical + IF + H&E 0.74 Performance status –4.766

Caspase-3 mean intensity –2.5079

Cyclin D1 overall intensity –2.3232

pKDR variability –2.1663

Cyclin D1 mean intensity –2.0788

Relative area of lumen 1.9107

IF, immunofluorescence.

Fig. 3 – Survival curves for the 51 patients in the model,

separated into groups with model score above or below the

cut-point of 39.5.
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although in different derived features reflecting different

attributes of the marker.

4. Discussion

There is a general consensus on the importance of identifying

patients with NSCLC who are likely to derive clinical benefit

from treatment with gefitinib. We investigated gefitnib re-

sponse in an advanced disease NSCLC cohort, and identified

a constellation of clinical and tumour-specific features that

were predictive for overall survival. By integrating quantita-

tive biomarker characteristics and histologic morphometry

with clinical data, we have been able to increase the accuracy

or concordance index (CI) of prediction from 62% (clinical fea-

tures alone) to 74% (all domains). This 12% increase repre-

sents a substantial improvement in predictive accuracy

given that fairly modest improvements in the CI of predictive

models, as described for prostate cancer outcome, e.g. from

0.77 to 0.79, have been reported as clinically significant.17
The present study included only patients treated with gef-

itinib; therefore, we cannot distinguish whether the features

identified are associated with longer survival on gefitinib

alone (predictive factors), or with longer survival regardless

of treatment (prognostic factors). Prospective randomised

controlled studies are required to evaluate this further.

In the current EAP cohort, we identified EGFR mutations in

4 of 87 patients which is comparable to what has been re-

ported for other Western groups.18 One patient with a reduced

survival time (4 weeks) had a T790M mutation in their pri-

mary tumour specimen, which had been previously associ-

ated with drug resistance.19 Although the overall frequency

of EGFR mutation was too low for inclusion in the predictive

models, the original published results on 124 patients from

this cohort had identified that 45% had no evidence of pro-

gression at first re-evaluation and 29% reported improvement

in lung cancer-related symptoms while receiving gefitinib.20

The evidence of a potential positive clinical effect with a

low mutation rate would suggest that additional factors

may be more reflective of tumour response in addition to

EGFR mutation status.

Of the six clinical variables analysed, only performance

status was selected in the multivariate model. This agrees

with an earlier study which demonstrated that good perfor-

mance status was associated with a longer survival time.21

By comparison, the clinical tumour histology, in particular

bronchoalveolar variant, which has been associated with

good clinical outcome in prior studies,5,22 was not selected

in any of the predictive models. However, the single morpho-

metric feature representing the amount of alveolar space

present within the tumour sample was selected, and we

hypothesise that this feature represents a surrogate for the

bronchoalveolar tumour histology. By increasing the amount

of alveolar space, the model is registering the amount of

bronchoalveolar tumour present within the specimen, and

this is associated with good outcome.19

The molecular mechanisms underlying gefitinib sensitivity

in NSCLC remain incompletely understood. In addition to EGFR

mutation status and EGFR gene copy number, other molecular

variables have been investigated including the immunohisto-
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chemical expression of both EGFR and pEGFR, as well as down-

stream signalling molecules such as PI3K, pAKT and pERK1/2.

Unfortunately, there is a disagreement and scant scientific evi-

dence on the role, if any, that these factors play in gefitinib sen-

sitivity, particularly for overall survival. Even EGFR

immunohistochemistry has yielded conflicting results on its

association with gefitinib response.4,23,24

In the current analysis, several quantitative immunofluo-

rescent markers were associated with overall survival. Of sig-

nificance, two cyclin D1 features were selected by the final

model, with increased amounts associated with shortened sur-

vival time. Although published studies on the prognostic role of

cyclin D1 are conflicting, two efforts support the conclusion

that over-expression is associated with shorter survival

time.25,26 The observed discordance between studies may re-

sult from technical challenges related to performing and inter-

preting immunohistochemistry on formalin-fixed lung

samples.

Another biomarker selected by the final model, caspase-3,

has also been the subject of conflicting reports linking over-

expression with survival.27,28 We found that increasing levels

of caspase-3 were associated with a reduced survival time,

and we postulate that this tumour profile may reflect acceler-

ated cell turnover driven by a dysregulated apoptotic mecha-

nism. For the final selected marker, pKDR, there is limited

tissue data and only on the non-phosphorylated form (i.e. VEG-

FR2), whereby increased expression was associated with a poor

prognosis.29 In our Cox models, increased levels of VEGF were

associated with reduced survival; consistent with the earlier

studies examining VEGF in conjunction with micro-vessel den-

sity and tumour invasion.30 The repeated selection of cyclin D1,

caspase-3 activated, pKDR and VEGF in our various sub-models

emphasises the importance of cell cycle regulation, apoptosis

and angiogenesis in the growth and progression of NSCLC.

In conclusion, we have developed an early-stage system-

based model that predicts overall survival in advanced NSCLC

patients treated with gefitinib. Further validation on an exter-

nal cohort in a randomised setting would be necessary for

confirmation.
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