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Some drugs, such as anticancer EGFR tyrosine kinase inhibitors, elicit markedly different clinical

response rates due to differences in drug bypass signaling as well as genetic variations of drug

target and downstream drug-resistant genes. The profiles of these bypass signaling are expected to

be useful for improved drug response prediction, which have not been systematically explored

previously. In this work, we searched and analyzed 16 literature-reported EGFR tyrosine kinase

inhibitor bypass signaling routes in the EGFR pathway, which include 5 compensatory routes of

EGFR transactivation by another receptor, and 11 alternative routes activated by another

receptor. These 16 routes are reportedly regulated by 11 bypass genes. Their expression profiles

together with the mutational, amplification and expression profiles of EGFR and 4 downstream

drug-resistant genes, were used as new sets of biomarkers for identifying 53 NSCLC cell-lines

sensitive or resistant to EGFR tyrosine kinase inhibitors gefitinib, erlotinib and lapatinib. The

collective profiles of all 16 genes distinguish sensitive and resistant cell-lines are better than those

of individual genes and the combined EGFR and downstream drug resistant genes, and their

derived cell-line response rates are consistent with the reported clinical response rates of the

three drugs. The usefulness of cell-line data for drug response studies was further analyzed by

comparing the expression profiles of EGFR and bypass genes in NSCLC cell-lines and patient

samples, and by using a machine learning feature selection method for selecting drug response

biomarkers. Our study suggested that the profiles of drug bypass signaling are highly useful for

improved drug response prediction.

Introduction

The highly successful anticancer kinase inhibitor drugs typically

elicit markedly different anticancer clinical response rates.1,2

For instance, the reported clinical response rates of EGFR

tyrosine kinase inhibitors (EGFR-I) gefitinib and erlotinib

are 19.9% and 8.9%, respectively, for the treatment of non-

small cell lung cancer (NSCLC).1,2 These differences have been

linked to activating mutations, amplification and over expres-

sion of EGFR,2–5 and such genetic variations of EGFR down-

stream drug-resistant genes as activating mutations of RAS,

BRAF, PIK3CA and AKT,2,6–8 and loss-of-function of PTEN

(including PTEN loss and inactivating mutations).9–11 The

genetic and expression profiles of EGFR and downstream

drug-resistant genes have been individually and collectively

explored as biomarkers for predicting clinical response to

EGFR-I.12–17 Apart from these genes, drug response can also be

significantly altered by compensatory, alternative and redundant

signaling that bypass drug actions.15,18 Understanding the

mechanism of these bypass signaling events is useful not only

for discovering multi-target drugs and drug combinations19–23 but

also for discovering new biomarkers that in combination with

existing biomarkers improves drug response prediction.15,18,23,24

Drug response biomarkers, besides drug target and down-

stream drug-resistant genes, can be derived by profiling the

expression patterns of thousands of genes25–27 and proteins.28
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While genome-scale gene and protein expression profiling is

capable of predicting disease29–31 and treatment32 outcomes at

high accuracy levels, data noise and other factors may in some

cases affect the stability of derived biomarkers and the quality

of identified disease or drug response genes.33–37 Therefore,

biomarker discovery from a systems perspective of drug

response signaling is expected to complement existing bio-

marker discovery methods by correlating drug response to the

collective profiles of the drug target, downstream resistant

genes, and bypass signaling.

One of the successfully used experimental strategies for drug

response mechanism investigations and biomarker discovery

involves the comparative analysis of drug-resistant and drug-

sensitive cancer-derived cell-line models,38 which has been

used for implicating the compensatory PI3K/Akt/mTor acti-

vation as a mechanism of acquired resistance to imatinib in

chronic myeloid leukemia (CML),39 MET amplification as a

mechanism of acquired resistance to EGFR-I therapy in

NSCLC,40 and CRAF overexpression as a potential mecha-

nism of acquired resistance to BRAF inhibitor therapy in

melanomas.41

Drug resistance related genetic mutations,42–45 chromo-

somal changes,46 gene expression,47–53 gene amplification,54,55

and combinations of these profiles56–59 have been actively

explored as drug response biomarkers. Some of the identified

biomarkers are related to the genes that regulate drug bypass

signalling.26,47,54,55,60,61 These studies demonstrate the effec-

tiveness of collective analysis of genetic and proteomic profiles

of the drug targets and bypass signaling in predicting drug

response. Moreover, some of the relevant studies are based

on cell-line models,47,49,54,61 suggesting that cell-line models

have some level of usefulness in facilitating drug response

studies.

In predicting drug response, the presence of known drug

resistance mutations is used for indicating drug resistance.42,44,45

Drug response can also be predicted from the expression profiles

of the genes involved in the drug response regulations,47,54,55,60,61

with the up-regulation of the genes promoting drug bypass

signalling60,61 and down-regulation of the genes60 facilitating

drug actions62 used for suggesting drug resistance. Previously

unknown drug response biomarkers can be predicted from

gene expression profiles by using the principal components

analysis feature selection method,47 weighted voting classifica-

tion feature selection method,49 hierarchical clustering feature

selection method,48 differentially expressed genes method,50,63

and machine learning feature selection methods.28,51 The

amplification of genes involved in drug bypass signalling is

also linked to drug resistance.

While cell-lines have been widely used for drug response

studies,47,49,54,61 as well as in basic and translational biomedical

research and drug discovery campaigns,38,64,65 the limited

number of cell-lines may not adequately capture the hetero-

geneous nature of real tumors.38 The genome instability,66,67

plasticity,68 and microenvironment69,70 of cell-lines may differ

significantly from those of real tumors, which likely affect the

quality of drug response studies.69 For instance, the potency of

trastuzumab has been found to change significantly when

tumor cells are grown in 2D culture or 3D matrix71 and when

cells are plated on different extracellular matrices.72

In this work, we searched and analyzed literature reported

compensatory, alternative and redundant signaling pathways

that have been experimentally found to contribute to the

resistance of EGFR-I, and identified the corresponding bypass

genes experimentally confirmed to play key roles in regulating

these bypass signaling. The level of contribution of each

bypass signaling pathway against EGFR-I is determined by

the genetic and expression profiles of the corresponding bypass

genes.73 These profiles differ from individual to individual and

thus are expected to contribute to the individual variations in

drug response. To determine the level of usefulness of the

profiles of the reported bypass genes in drug response predic-

tion, we retrospectively analyzed the expression profiles of

11 bypass genes (HER2, HER3, IGF1R, c-MET, PDGFR,

FGFR, VEGFR2, Integrin b1, MDGI, IL-6 and Cox2)

together with the mutational, amplification and gene expres-

sion profiles of EGFR and 4 downstream drug-resistant genes

(RAS, BRAF, PIK3CA, and PTEN) in 53 NSCLC cell-lines

sensitive or resistant to EGFR-I gefitinib, erlotinib, and lapatinib

(supplementary Tables S1 and S2, ESIw). The presence of drug

resistance mutations,42,44,45 PTEN loss of function,74 enhanced

accumulation of internalized EGFR,75 and up-regulation60,61

and amplification of the bypass genes were used for predicting

a cell-line to be resistant to an EGFR-I. The drug response

prediction performance of the collective profiles of the 16 genes

in these cell-lines is compared to those of individual profiles and

the combined profiles of EGFR and 4 downstream drug-resistant

genes. The overall cell-line response rates of the 3 drugs were also

compared with the reported clinical response rates in NSCLC

patients to determine to what extent cell-line derived response

rates agree with the clinical response rates.

For non-EGFR addicted tumor cells, the addicted oncogene

is the main signaling rather than EGFR-I bypass signaling,

and the appropriate therapeutic approach is to target the

addicted oncogene instead of EGFR.76 In this work, these

non-EGFR addicted tumor cells were not distinguished from

the EGFR addicted cells because they are nonetheless resistant

to EGFR tyrosine kinase inhibitors. A large percentage of

NSCLC patients contains wild-type EGFR.3,77 Although lung

cancer patients with wild-type EGFR are less sensitive to

the EGFR-Is,78 some EGFR-Is such as erlotinib have been

approved as a second/third-line drug for unselected NSCLC

based on clinical trial results.79 Hence, cell-lines with wild-type

EGFR were included in this study.

Gefitinib and erlotinib are EGFR-Is approved for lung and

pancreatic cancers, and lapatinib is a multi-target EGFR and

HER2 inhibitor approved for breast cancer and tested for

lung, prostate and liver cancers.4,21,80–82 These drugs were

evaluated because of their clinical relevance, knowledge of

drug-resistance mechanisms, and availability of drug response,

genetic and gene expression data for a statistically significant

number of cell-lines. The specific genetic data include drug

sensitizing mutations and copy number variations in EGFR,

activating mutations in RAS, BRAF, PIK3CA and inactivating

mutations in PTEN directly contributing to EGFR-I resistance

in significant percentage of patients (42%).4 The gene expres-

sion data include microarray gene expression data of EGFR,

PTEN, and 11 bypass genes directly contributing to EGFR-I

resistance.18
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To evaluate the relevance and limitations of cell-line data

for drug response studies, we compared the distribution of the

known drug resistant mutations and the up-regulated EGFR

and bypass genes in our studied NSCLC cell-lines and those in

the real NSCLC patient samples to determine to what extent

the cell-line profiles are close to those of real patients. More-

over, the usefulness of cell-line data was further tested by using

our support vector machines feature selection method36 to

select EGFR-I response biomarkers and compare them with

the known bypass genes and the published EGFR-I response

biomarkers derived from NSCLC patient samples83 and cell-

lines26,63 by using the differential expression method (genes

with the most differential expression in drug resistant and

sensitive samples are selected as biomarkers).

Results and discussion

EGFR tyrosine kinase inhibitor bypass signaling in

EGFR pathway

The map of the EGFR pathway and downstream effectors

relevant to cancers is shown in Fig. 1. Overall, 16 bypass

signaling routes with 11 bypass genes together with 7 addi-

tional bypass signaling routes mediated by the genetic varia-

tions of EGFR and 4 downstream drug resistance genes and

by enhanced accumulation of internalized EGFR were identi-

fied based on the reported experimental evidence that link the

specific mutation, amplification, over-expression, or deficiency

of each of the 11 bypass-genes, 4 downstream drug resistance

genes and EGFR to the resistance of an EGFR tyrosine

kinase inhibitor.40,88 These are summarized in supplementary

Tables S1 and S2 (ESIw). The bypass signaling events in

response to EGFR-I can be divided into three classes. The

first class, shown in supplementary Fig. S1 (ESIw) involves

downstream EGF-independent signaling via genetic varia-

tions of EGFR and downstream drug resistant genes, which

have been explored as EGFR-I biomarkers.12–17 The specific

downstream EGF-independent signaling mechanisms include

EGFR mutations resistant to an EGFR-I (D1),4,89,90 acti-

vating mutations in Raf (D2), Ras (D3), PI3K (D5), and AKT

(D6),89,91–93 PTEN loss of function (D4),74 and enhanced

accumulation of internalized EGFR by MDGI (D7).75 In

supplementary Fig. S1 (ESIw) proteins known to carry drug

resistant mutations or activating mutations are darker in color

and have a red label. PTEN loss of function is represented

by a dashed elliptic plate with blank background. Drug

resistance mutations in EGFR cause resistance to EGFR-I

by such mechanisms as steric impediment of EGFR-I and the

increase of ATP affinity to enhance its competitiveness against

competitive EGFR-I.90,94 While loss-of-function of PTEN can

be induced by both PTEN loss10 and PTEN inactivating

mutations,9 PTEN loss occurs significantly more frequently

than PTEN inactivating mutations in NSCLC patients.95

Moreover, PTEN loss alone is not a sufficiently good bio-

marker for NSCLC,95 indicating the need for collective con-

sideration of multiple bypass mechanisms in predicting drug

response.

The second class, shown in supplementary Fig. S2 (ESIw)
involves compensatory signaling due to EGFR transactivation

by HER2 (C1),86,96 MET (C2),19,97 IGF1R (C3),98 Integrin

b1 (C4),99 and HER3 (C5).18 In particular, C3, C4 and C5

activate PI3K via IRS1/IRS2, FAK or a PP2-sensitive kinase,

and direct interaction respectively, which are different from

the Grb2-Gab1-PI3K path used by the canonical EGFR

signaling pathway. The ligands of EGFR and some other

receptor tyrosine kinases, particularly members of ErbB

families, have the ability to induce not only their own receptor

homodimers, but also heterodimers with other selected receptor

tyrosine kinases and GPCRs,100,101 which significantly expands

the signaling potential of EGFR100,101 and enables the bypass

of EGFR inhibition in tumors.18,19,86,96–98 Depending on

the activating ligand, EGFR and other selected receptor

tyrosine kinases are able to form various homodimers or

heterodimers with different biological signaling capacities

and with response to the inhibition of EGFR or downstream

proteins.

The third class, shown in supplementary Fig. S3 (ESIw)
involves alternative signaling of VEGFR2 activation (A1),102

HER2-MET transactivation (A2),19,97 PDGFR activation

(A3),103 IGF1R activation (A4),104 HER2-HER3 transactiva-

tion (A5),96,105 HER2-HER4 transactivation (A6),96,105 MET-

HER3 transactivation (A7),40 PDGFR-HER3 transactivation

(A8),19 Integrin a/b activation (A9),99 IL6 activation of IL6R-

GP130 complex (A10),106 and Cox2 mediated activation of EP

receptors (A11).107 In particular, VEGFR activates Raf and

Mek via PLC-PKC path and activates PI3K via Shb-FAK path,

Fig. 1 Map of the major signaling pathways of the EGFR and

downstream effectors relevant to cancers. Modified after Yarden and

Sliwkowsk et al. (2001),84 Hynes and Lane (2005),85 Citri and Yarden

(2006),86 and Normanno et al. (2006).87 Binding of specific ligands

(e.g. EGF, heparin-binding EGF, TGF-a) may generate homodimeric

complexes resulting in conformational changes in the intracellular

EGFR kinase domain, which lead to autophosphorylation and activa-

tion. Consequently, signaling molecules, including growth factor

receptor-bound protein-2 (Grb-2), Shc and IRS-1 are recruited to

the plasma membrane. Activation of several signaling cascades is

triggered predominately by the RAS-to-MAPK and the PI3K/Akt

pathways, resulting in enhanced tumour growth, survival, invasion

and metastasis. Certain mutations in the tyrosine kinase domain may

render EGFR constitutively active without their ligands. For cancers

with these EGFR activating mutations, the EGFR ligands EGF or

TGF-a is unimportant.
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IGFR activates PI3K via IRS1/IRS2, and HER2-HER3,

HER2-HER4, MET-HER3, and PDGFR-HER3 hetrodimers

activate PI3K directly, which are different from the Grb2-Sos-

Ras_Raf-Mek and Grb2-Gab1-PI3K paths used by the cano-

nical EGFR signaling pathway. The paths A9, A10, and A11

are via non-kinase receptors with a certain downstream pro-

tein activating MEK and/or AKT pathways.

Drug response prediction by genetic and expression profiling of

NSCLC cell-lines

The performance and clinical relevance of the individual

profile methods M1, M2, M3, A1, E1 and E2 and combination

methods CB1 to CB7 (defined below) in predicting gefitinib,

erlotinib and sensitive and resistant NSCLC cell-lines were

evaluated. The results are summarized in Table 1, and are

detailed in supplementary Table S3 (ESIw) together with the

respective cell-line sensitivity data. The methods M2 and M3

correctly predicted 87.5%–100% EGFR-I sensitive and

52.2%–65.8% of EGFR-I resistant cell-lines, which are com-

parable to the reported 77%–82% accuracies in predicting

EGFR-I sensitive, and 54%–87% accuracies in predicting

EGFR-I resistant patients.2,108 The method A1 correctly pre-

dicted 50%–80% EGFR-I sensitive and 62.2%–84.2% of

EGFR-I resistant cell-lines respectively, which are comparable

to the reported 61% and 74% accuracy in predicting EGFR-I

sensitive and resistant patients by the EGFR amplification

method.109 Thus, some of the evaluated single-profile methods

are capable of predicting EGFR-I sensitivity from NSCLC

cell-lines at performance levels that reflect the sensitivity of

real patients.

Both the reported studies and our analyses in Table 1

indicated that the individual-profile tends to show good

performance for sensitive cell-lines at the expense of resistant

cell-lines or vice versa. Combined mutation and amplification

profiles have shown good correlation with clinical response.110

It is of interest to evaluate whether more balanced perfor-

mance can be achieved by using combination-profile methods.

We evaluated 5 two-profile methods: M3+A1 (CB1), M3+E1

(CB2), M3+E2 (CB3), A1+E1 (CB4), and A1+E2 (CB5),

and 2 three-profile methods: M3+A1+E1 (CB6) and

M3+A1+E2 (CB7). M3 was used in these combination

methods because it covers the most of the known mutation-

based EGFR-I resistance mechanisms. The results are sum-

marized in Table 1, and provided in supplementary Table S3

(ESIw) which also include the cell-line sensitivity data and the

genetic and expression profiles of the main target, bypass genes

and downstream signaling and regulatory genes. Over-expression

of the bypass gene HER2 in NSCLC cell-lines is not expected

to significantly contribute to lapatinib resistance because the

drug inhibits EGFR and HER2.

Overall, the two-profile combination method CB5 and the

three-profile combination method CB7 showed more balanced

and improved predictive performance to EGFR-I gefitinib,

erlotinib, and lapatinib over the individual-profile methods.

Collective consideration of EGFR amplification or over-

expression together with the profiles of downstream drug-

resistant genes and bypass signaling genes substantially

improved the predictive performance for sensitive cell-lines. T
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The performance of multiple profile methods may be affected

by at least two factors. One is the substantial level of redun-

dancy among drug sensitizing mutation, amplification and

expression profiles and among drug resistant activating/

inactivating mutation and expression profiles. Another is the

high noise levels of microarray gene expression data35 that

may in some cases negatively affect the performances of the

combination methods with expression profiles.

Supplementary Table S4 (ESIw) shows the distribution and

coexistence of drug sensitizing mutation, amplification and

expression profiles, and drug resistant mutation and expres-

sion profiles in the evaluated NSCLC cell-lines. In NSCLC

cell-lines, EGFR-I resistance profiles are dominated by RAS

activating mutation and HER3 over-expression, which are

consistent with literature reports.2,18 Our results show that a

gefitinib-sensitive cell-line H32553,111 was, as predicted, resis-

tant to all of the studied EGFR-Is due to the over-expression

of COX2. H3255 is able to acquire resistance to gefitinib by

prolonged exposure of the cell to gefitinib in vitro introducing

drug resistant mutation, T790M, at EGFR kinase domain.86

However, as suggested in supplementary Fig. S3 (ESIw) such
resistance may also be mediated by COX2 induced activation

of EP receptors and continued ErbB-3/PI3K/Akt signaling.

Relevance and limitations of cell-line data for drug response

studies

The relevance of our studied cell-lines for EGFR-I response

studies was evaluated by comparison of the distribution

profiles of drug resistant mutations of EGFR and 3 down-

stream genes and the expression profiles of EGFR and 8

bypass genes in our studied 53 NSCLC cell-lines (including

all sensitive and resistant cell-lines against the three drugs) and

those of 45 NSCLC patient samples with expression data112

and 37–753 NSCLC patient samples with mutation and

amplification data113–115 to determine if the cell-line profiles

are sufficiently close to those of real patient samples. As shown

in Table 2, the percentages of our studied NSCLC cell-lines

carrying drug-resistant mutant genes and up-regulated bypass

genes tend to be lower but roughly comparable to those of the

patient samples with the exception of VEGFR2. The level of

VEGFR2 elevation in patient samples is significantly higher than

that of cell-lines. It has been reported that, in some circum-

stances, the development of VEGFR2 expressing cells is strongly

influenced by VEGFR2 ligands in the microenvironment.116 The

VEGFR2 ligand VEGF has been found to be over-expressed

in association with microlocalisation ofM1 andM2macrophages

in NSCLC,117 which likely contribute to the over-expression

of VEGR2 in larger percentages of NSCLC patients.118–120

Apart from VEGFR2 ligands, the tumor microenvironment in

NSCLC is known to promote the expression of a number of

other factors such as CD163, HLA-DR, iNOS, MRP 8/14,

and hypoxia related proteins.117,121 The effects of these micro-

environment-related factors in upregulating VEGFR2 and

other bypass genes may not be fully reflected by the cell-line

based models, which partly contribute to the discrepancy

between the expression profiles of some of the genes in our

studied NSCLC cell-lines and those of real NSCLC patient

samples.

The usefulness of cell-line expression data for identifying drug

response biomarkers

We used our support vector machines recursive feature elimi-

nation (SVM-RFE) method36 to select EGFR-I response

biomarkers from the gefitinib, erlotinib, or lapatinib sensitive

and resistant NSCLC cell-lines and compare them with the

published EGFR-I response biomarkers derived from NSCLC

patient samples83 and cell-lines26,63 by using the differentially

expressed genes method. In our method, NSCLC cell-lines

sensitive and resistant to each EGFR-I were separated by

using SVM classification of the gene expression profiles of

these cell-lines. The contribution of each gene to the separa-

tion of sensitive and resistant cell-lines was ranked by the SVM

feature ranking algorithm and the least contributing genes

were selected and subsequently eliminated by consensus scoring

from repeated random sampling33 and by incorporating a

multi-step gene-ranking consistency evaluation procedure into

the SVM-RFE method.36

The statistics of SVM-RFE selected gefitinib, erlotinib, and

lapatinib response biomarkers and those of the published

studies26,63,83 are summarized in Table 3 and the detailed list

of the selected biomarkers are provided in supplementary

Tables S5, S6 and S7 respectively (ESIw). The numbers of

our selected biomarkers (65–148) are comparable to those of

the published studies (51–332),26,63,83 but few biomarker genes

are commonly selected by these studies. For instance, only

0 and 5 of the 148 gefitinib response biomarkers selected in this

work are commonly selected by the published studies from

NSCLC patient samples26 and cell-lines63 respectively, and

none of the 51 biomarkers selected by the published study

from NSCLC patient samples26 is commonly selected by the

Table 2 Comparison of the expression profiles of EGFR and bypass genes in NSCLC cell-lines and patient samples

Target
or bypass
gene

% of the 53 NSCLC
cell lines with the gene
up-regulated or lost

% of the 45 NSCLC
patients with the gene
up-regulated or lost

Target
or bypass
gene

% of the 53 NSCLC cell
lines with the gene harboring
resistance mutation or amplified

% of the 37–753 NSCLC patients
with the gene harboring resistance
mutation or amplified

EGFR Up 9.4% Up 28.9% EGFR Mut 3.8% Mut 19%–49%
HER2 Up 3.8% Up 15.6% PIK3CA Mut 3.8% Mut 5%
HER3 Up 33.9% Up 22.2% Ras Mut 41.4% Mut 20%
IGF1R Up 0.0% Up 4.4% EGFR Amp 22.6% Amp 8%
c-MET Up 9.4% Up 8.9%
PDGFR Up 7.6% Up 24.4%
FGFR Up 0.0% Up 0.0%
VEGFR2 Up 1.9% Up 51.1%
PTEN Lost 0.0% Lost 8.9%
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other published study from NSCLC cell-lines.63 This discre-

pancy arises in part from the small number of samples used in

each study as well as the intrinsic noise in the gene expression

data.33–37 It is noted that our selected biomarkers contain a

significantly higher number of drug target and bypass genes

(4–5) than those (0–1) of the published studies,26,63,83 which

may result from the use of significantly higher number of

samples (44–53) in our study than those (11–25) in the

published studies,26,63,83 and the use of multiple sampling,

consensus scoring and multi-step gene-ranking consistency

evaluation procedure. The ability in identifying substan-

tial number of drug target and bypass genes as bio-

markers provides further evidence about the usefulness of

cell-line data in facilitating the discovery of drug response

biomarkers.38–41

ERBB3 has been repeatedly selected as a biomarker for the

three evaluated drugs by more than one method. Recent

investigations have shown that ERBB3 is responsible for

tumor resistance to therapeutic agents targeting EGFR or

HER2,122 and is associated with poor prognosis,123 decreased

survival in patients with early stage124 and overall survival125

in NSCLC. Therefore, it is not surprising that ERBB3 was

repeatedly selected. ERBB3 is kinase inactive and thus is not

an easily druggable target for developing small molecule

inhibitors.122 RNA aptamers and siRNAs targeting ERBB3

may be explored as potential therapeutics in combination with

EGFR and HER2 targeted drugs.126,127

The testing accuracies of the RFE-SVM method in differ-

entiating Gefitinib, Erlotinib and Laptinib resistant/sensitive

cell-lines are 76.3%, 87.3% and 71.2% respectively. The

reported testing accuracies of the method B and C in differ-

entiating Gefitinib resistant/sensitive patients are 91.7% and

100%,26,83 and that of the method E in differentiating

Erlotinib resistant/sensitive cell-lines is 80%.63 Our RFE-

SVM method appears to perform slightly better for Erlotinib

but worse for Gefitinib than those of the existing methods. It is

cautioned that it is not appropriate to straightforwardly

compare these methods based on our and reported testing

results, because these tests are based on separate testing

samples that are very small in sizes and high in size differences

(44–53 samples in our study vs. 5–12 in the reported studies)

with the relevant data containing high genetic and measure-

ment variations. Further tests based on a common set of more

diverse samples may enable more appropriate comparison of

these methods.

Concluding remarks

Consideration of bypass signaling from pathway regulation

perspectives appears to be highly useful for deriving knowledge-

based drug response biomarkers to effectively predict drug

responses as well as for understanding the mechanism of path-

way regulation and drug response. The bypass signaling based

biomarkers described in this and other studies can be experi-

mentally validated by the methods used for discovering com-

pensatory PI3K/Akt/mTor activation,39 MET amplification,40

and CRAF overexpression41 as a mechanism of acquired

resistance to imatinib in CML, EGFR-I therapy in NSCLC,40

and BRAF inhibitor therapy in melanomas41 respectively.

Specifically, mutation, copy number or expression analysis is

conducted in both resistant and sensitive samples to determine

if the biomarkers show resistant mutations, marked amplifi-

cations or elevated expressions in resistant samples only,

followed by the investigation of whether inhibition or down-

regulation of the bypass gene together with the inhibition or

down-regulation of the drug target reduces the resistance

effects.

The currently available molecular interaction, network

signaling and regulation, and the genetic and expression

profiles of regulatory genes appear to have reached the level

for facilitating the discovery of some of the drug response

biomarkers based on various drug resistance mechanisms.

The mining of the relevant information from the literatures

is a key step towards the identification of bypass signalling

based drug response biomarkers, which may be hindered by

multiple gene and protein nomenclatures128 and complexi-

ties of languages.129 Collective use of dictionary-based and

vocabulary-based methods, disambiguation and correct classi-

fication algorithms, and restricted domain search strategies

may enable more comprehensive and efficient search of the

relevant information.129

The drug sensitivity prediction capability of biomarkers

may be affected by multiple factors including the number

and quality of samples,38 the genetic variation,66,67 plasticity,68

and microenvironment69,70 of the samples, and the quality and

stability of the predicted biomarkers.130 In addition to the

Table 3 Statistics of the SVM-RFE selected gefitinib, erlotinib, and lapatinib response biomarkers in comparison with those of the published
studies

Drug

No of resistant/
sensitive NSCLC
cell-lines/patients Method

No of biomarkers
selected by method

No of biomarkers
also selected by
another method

Bypass genes selected as
biomarker by method

Gefitinib 38/6 A: SVM-RFE; This work 148 0 by B; 5 by C ERBB3, EGFR, FGFR1, MET
7/10 (patients) B: Differential expression

method83
51 0 by A; 0 by C

6/5 C: Differential expression
method26

332 5 by A; 0 by C ERBB3

Erlotinib 46/7 D: SVM-RFE; This work 65 3 by E EGFR, ERBB3, FGFR3,MET
11/14 E: Differential expression

method63
180 3 by A EGFR

Lapatinib 40/8 F: SVM-RFE; This work 98 HER2, ERBB3, FGFR3, PDGFR, COX2
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collection of sufficiently diverse patient samples, collective analysis

of mutation, amplification and expression profiles of target, bypass

genes, and downstream drug-resistant genes is potentially useful

for facilitating drug sensitivity prediction. Development, integra-

tion and expanding application of next generation sequencing,131

microarrays,132 and copy number variation133 detection tools and

methods coupled with expanded knowledge of systems biology,

cancer biology and drug resistance bypass mechanisms and the

further improvement of biomarker discovery methods36,130,134

enable more accurate prediction of drug sensitivity.

Methods

EGFR pathway and drug bypass signaling data collection and

analysis

We searched the literature to find experimentally determined

bypass signaling and the corresponding bypass genes in response

to EGFR inhibition by using keyword combinations of ‘‘EGFR’’,

‘‘inhibitor’’, ‘‘resistance’’, ‘‘resistant’’, ‘‘bypass’’, ‘‘insensitive’’,

‘‘sensitivity’’, and ‘‘mechanism’’. Supplementary Tables S1 and

S2 (ESIw) summarize the 11 bypass-genes, 4 downstream drug

resistance genes and the regulator of enhanced accumulation of

internalized EGFR, the corresponding bypass and resistance

mechanisms. The map of the major signaling pathways of EGFR

and downstream effectors relevant to cancers84–87 is shown in

Fig. 1. Keyword combinations of ‘‘EGFR’’, ‘‘pathway’’, ‘‘signaling’’

were used to search the literature that describe the pathway map,

and the keyword combinations of protein name, alternative name,

‘‘interaction/interacting’’, ‘‘binding/bind’’, ‘‘regulation/regulated’’

were used to search relevant protein–protein interactions and

regulations from Pubmed.135 We further searched the literature

for the activating and resistant mutations of EGFR4,89,90 and

downstream drug resistant genes.74,89,91–93 The amino acid

sequences of EGFR and 4 downstream drug-resistant genes

were from the Swissprot database of UniprotKB.136

NSCLC cell-lines with EGFR tyrosine kinase inhibitor

sensitivity data

We identified from the literature85,137,138 NSCLC cell-lines

with available sensitivity data for gefitinib, erlotinib, and

lapatinib (supplementary Tables S8 and S9, ESIw). Overall,

46 NSCLC cell-lines with sensitivity data for one or more

drugs were collected. A cell-line was considered to be sensitive

to a drug if the drug inhibits it at IC50r 1 mM,139 otherwise it

was considered as resistant to the drug. The genetic and

microarray gene expression data for 53 NSCLC cell-lines were

obtained from published literature, and COSMIC140 and

GEO141 databases. We further identified from the GEO

database the microarray gene expression data for 6 lung cell-

lines of healthy people respectively. The relevant data and

literature sources for these cell-lines are summarized in sup-

plementary Table S10 (ESIw). These expression data were by

using the RMA normalization method.142

Genetic and expression profiling of bypass genes for predicting

drug sensitivity of NSCLC cell-lines

The clinical efficacy of gefitinib, erlotinib, and lapatinib

against NSCLC are mostly due to their inhibition of the

main target EGFR.4,21 Resistance to EGFR tyrosine kinase

inhibitors primarily arises from resistant mutations and ampli-

fication of EGFR, activating mutations of down-stream

signaling genes and loss of function of down-stream negative

regulators, and compensatory, alternative and redundant

signaling genes frequently up-regulated or amplified in resis-

tant patients.18,40 Efflux-pumps, primarily responsible for the

resistance of chemotherapy drugs,143 are not expected to

significantly contribute to the resistance of the evaluated

drugs because these drugs are thought to be efflux-pump

inhibitors.138,144,145

We retrospectively evaluated the capability of the individual

and combinations of the genetic and expression profiles of the

main target, downstream drug resistance genes, and bypass

genes in supplementary Tables S1 and S2 (ESIw) for predicting
the sensitivity of the 53 NSCLC cell-lines to gefitinib (6 sensitive,

38 resistant), erlotinib (7 sensitive, 46 resistant), and lapatinib

(8 sensitive, 40 resistant). We evaluated 14 mutation-based,

amplification-based, expression-based, and combination methods

by calculating the percentages of correctly predicted sensitive

and resistant cell-lines. Due to inadequate copy number data,

the amplification-based methods exclude the profiles of the

bypass and downstream genes, some of which are known to

directly contribute to EGFR tyrosine kinase inhibitor resistance.40

None-the-less, copy number variation significantly influences

gene expression, with 62% of amplified genes showing mode-

rately or highly elevated expression.146 Thus the effects of

amplification of bypass genes are expected to be partially

reflected by the expression profiles.

In mutation-based method M1, an NSCLC cell-line is

predicted as sensitive to a drug if EGFR contains no resistance

mutation against the given drug2 and the drug inhibits EGFR

at an IC50r 500 nM139 (a stricter condition of IC50r 100 nM

gives the same results in all studied cases), otherwise it is

predicted as drug-resistant. In mutation-based method M2, a

NSCLC cell-line is predicted as sensitive to a drug if the drug

inhibits EGFR at IC50 r 500 nM,139 EGFR contains no

resistance mutation against the given drug,2 and the un-inhibited

KRAS has no activating mutation.108 In mutation-based

method M3, a NSCLC cell-line is predicted as sensitive to a

drug if: (I) the drug inhibits EGFR at IC50 r 500 nM139 and

EGFR in NSCLC cell-line has no resistance mutation against

the given drug,2 (II) the un-inhibited KRAS, NRAS, BRAF,

PIK3CA in the NSCLC cell-line4 has no activating mutation,

(III) there is no PTEN loss or PTEN inactivating mutation in

the NSCLC4 cell-line.

The mutation profiles of the relevant genes in each cell-line

were generated by comparative sequence analysis with respect

to the reported sensitizing, activating or inactivating muta-

tions, which are summarized in supplementary Tables S11

and S12 (ESIw). PTEN loss was assumed to occur if its

microarray gene expression level is r1/5 of the median level

of PTEN in the normal tissue cell-lines,147 based on the

comparison of the western-blot staining of a PTEN-deficient

cell-line ZR-75-1 with that of a PTEN-normal cancer cell-line

MCF-7148 (variation of this cut-off from 0 to 1/3 of the median

level gives the same results in all studied cases).

In amplification-based method A1, an NSCLC cell-line

is predicted as sensitive to a drug if EGFR in the respective
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cell-line is amplified149,150 and inhibited by the drug at IC50r
500 nM.139 A gene in a cell-line is considered amplified if its

copy number is Z 3.151 Copy numbers of the evaluated genes

in the studied cell-lines were obtained from the literature.151

In expression-based method E1, an NSCLC cell-line is

predicted as sensitive to a drug if EGFR in the respective

cell-line is over-expressed2 and inhibited by the drug at

IC50 r 500 nM.139 The expression-based method E2 differs

from method E1 by an additional condition: all un-inhibited

bypass genes in a cell-line are not over-expressed. Bypass

genes are frequently up-regulated or amplified in resistant

patients,18,40,152 which likely enable the promotion of drug-

resistant signaling at significant levels. A gene in cancer

cell-lines was assumed to be over-expressed if its microarray

gene expression level is Z 2-fold higher than the lowest

level of the same gene in the corresponding healthy tissue

cell-lines.153

Collection of the mutation, amplification and expression data of

NSCLC patients

37–753 NSCLC patient samples with mutation and amplifica-

tion data113–115 and 45 NSCLC patient samples with expres-

sion data112 were collected from the literature and Gene

Expression Omnibus (GEO) database. Specifically, EGFR

somatic mutation data were from the reported study of

58 lung cancer patients from Japan and 61 lung cancer patients

from the US.3 KRAS mutation data were from a reported

study of 753 NSCLC patients115 in which KRAS mutations

have been identified by either allele-specific realtime PCR or

codon amplification followed by direct sequencing. The

amplification data were from a reported study of 37 NSCLC

patients that responded clinically to either gefitinib or erlotinib

and had undergone repeat biopsy and comparative molecular

analysis.113 The gene expression data of 45 NSCLC patients

were from the GEO database entry GSE18842 with 45 tumor

samples and their paired normal tissue samples analyzed

by using the Human Genome U133 Plus 2.0 chip from

Affymetrix.112

Feature selection method

All cell-line data contain the measurements for 22 215 gene

probes. The data were subject to the standard pre-processing

procedure.154 The dataset was randomly divided into a training

set and an associated testing set of roughly 4 : 1 ratio. By using

repeated random sampling,33 10 000 training-testing sets, each

containing a unique combination of samples (sensitive samples

in some combinations are not unique because of the few

number of samples), were generated. These 10 000 training-

testing sets were randomly placed into 20 sampling groups;

each group contains 500 training-testing sets. Every sampling

group was then used to derive a set of biomarkers based on

consensus scoring and evaluation of gene-ranking consistency

of the corresponding 500 training and 500 testing sets. The

20 different signatures derived from these sampling groups

were compared to test the level of stability of selected bio-

marker genes.

SVM, a supervised machine learning method, was used for

training a class differentiation system.35,154,155 In classification of

microarray datasets, it has been found that supervised

machine learning methods generally yield better results,156

particularly for smaller sample sizes,35 and SVM consistently

shows outstanding performance, is less penalized by sample

redundancy, and has lower risk for over-fitting.155,157 Bio-

marker genes of each testing-set were selected by using SVM

recursive feature elimination (RFE-SVM), which is a wrapper

method that selects biomarkers by eliminating non-contributing

genes according to a gene-ranking function.158 Wrapper

methods generally perform better than other feature-selection

methods.158 RFE-SVM is the best performing wrapper

method and has thus been more widely used in cancer micro-

array analysis.154,157

To further reduce the chance of erroneous elimination of

biomarkers due to noises in microarray data, additional gene-

ranking consistency evaluation steps were implemented on top

of the normal RFE procedures. In step 1, for every testing-set,

subsets of genes ranked in the bottom 10% (if no gene was

selected in current iteration, this percentage was gradually

increased to the bottom 40%) with a combined score lower

than the first few top-ranked genes were selected, such that

collective contribution of these genes was less likely outweigh

higher-ranked ones. In step 2, for every testing-set, the

step-1 selected genes was further evaluated to choose those

not ranked in the upper 50% in previous iteration so as to

ensure that these genes are consistently ranked lower. In

step 3, a consensus scoring scheme was applied to step-2

selected genes such that only those appearing in 490%

(if no gene was selected in current iteration, this percentage

was gradually reduced to 60%) of the 500 testing-sets were

eliminated.

For each sampling-set, different SVM parameters were

scanned, various RFE iteration steps were evaluated to iden-

tify the globally optimal SVM parameters and RFE iteration

steps that give the highest average class-differentiation accu-

racy for the 500 testing-sets. The 20 different signatures

derived from these sampling-sets were then compared to test

the level of stability of selected predictor-genes.
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