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Background: Although epidermal growth factor receptor (EGFR)-tyrosine kinase inhibitors 

(TKIs) are widely used for EGFR mutated non-small-cell lung cancer (NSCLC) patients, tumor 

sample availability and heterogeneity of the tumor remain challenging for physicians’ selection 

of these patients. Here, we developed a serum proteomic classifier based on matrix assisted 

laser desorption ionization time of flight mass spectrometry (MALDI-TOF-MS) to predict the 

clinical outcome of patients treated with EGFR-TKIs.

Method: A total of 68 patients were included in this study. All patients received EGFR-TKIs as 

second or third line treatment and blood samples were collected before treatment. Using magnetic 

bead assisted serum peptide capture coupled to MALDI-TOF-MS, pretreatment serum from 

24 NSCLC patients was analyzed to develop a proteomic classifier (training set). In a blinded 

test set with 44 patients, each sample was classified into “good” or “poor” groups using this 

classifier. Survival analysis of each group was done based on this classification.

Result: A 3-peptide proteomic classifier was developed from the training set. In the testing set, 

the classifier was able to distinguish patients of “good” or “poor” outcomes with 93% accuracy, 

sensitivity, and specificity. The overall survival and progression free survival of the predicted 

good group were found to be significantly longer than the poor group, not only in the whole 

population but also in certain subgroups, such as pathological adenocarcinoma and  nonsmokers. 

With respect to the tumor samples available for EGFR mutation detection, all eight EGFR 

mutant tumors and three of the 12 wild type EGFR tumors were classified as good while nine 

of the 12 wild type EGFR tumors were classified as poor.

Conclusion: The current study has shown that a proteomic classifier can predict the outcome 

of patients treated with EGFR-TKIs and may aid in patient selection in the absence of available 

tumor tissue. Further studies are necessary to confirm these findings.

Keywords: non-small-cell lung cancer, matrix assisted laser desorption ionization time of flight 

mass spectrometry, proteomic classifier, survival

Introduction
Growing evidence has shown the efficacy of epidermal growth factor receptor (EGFR)-

tyrosine kinase inhibitors (TKIs), such as erlotinib and gefitinib, in first line, second 

line, and maintenance treatment for advanced non-small-cell lung cancer (NSCLC).1–5 

Nevertheless, only a subgroup of patients benefit from treatment with EGFR-TKIs. 

Extensive studies have revealed that EGFR activating mutations6–8 were the primary 

predictors to select patients that are more likely to benefit from EGFR-TKIs. How-

ever, for recurrent/metastatic NSCLC patients in the real world practice, obtaining 

an adequate amount of tumor tissue for analysis can be  challenging.  Furthermore, 

intratumoral heterogeneity and change in a tumor’s characteristics after multiple 
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lines of treatment also have a great impact on the accuracy 

of detection.9–12

Recently, studies have reported that EGFR mutations 

can be tested in serum genomic DNA or circulating lung 

cancer cells.13–19 These analyses were usually in the absence 

of reliability and standardization and could not be routinely 

used in clinical practice because of an expensive test fee and 

limited facilities in developing countries. A more sensitive 

and specific assay should be developed to select people who 

may profit from targeted therapy.

It is now widely recognized that protein expression can 

more accurately indicate the character and development of 

disease.20 Moreover, it is obvious that a pattern of multiple 

biomarkers will contain a higher level of discriminatory 

information when compared to a single biomarker alone. 

Recently, several laboratories have demonstrated the feasi-

bility of using proteomics to detect patients that will benefit 

from antitumor therapy.21–26

Among proteomic technologies, magnetic bead assisted 

peptide capture coupled with matrix assisted laser desorption 

ionization time of flight mass spectrometry (MALDI-TOF-

MS) is a high accuracy, high throughout, and rapid technique 

for analyzing complex biological samples, such as serum, 

urine, and tissue.27 The method for profiling a population of 

proteins in a sample is according to the size and net electrical 

charge of the individual proteins. This technology, in combi-

nation with bioinformatics, has been successfully applied to 

analyze complex serum proteins to obtain early detection of 

tumors, such as breast cancer,28 bladder cancer,29,30 head and 

neck cancer,31,32 and hepatocellular carcinoma.33,34

Also, serum proteomic classifiers have recently been 

developed to predict therapeutic response using MALDI-

TOF-MS. Taguchi et al22 reported a MALDI-TOF-MS 

proteomic signature (VeriStrat), comprised of eight protein 

features, that was able to classify patients of NSCLC for 

improved progression free survival (PFS) and overall survival 

(OS) after treatment with EGFR-TKIs therapies. But further 

studies have shown that it was also applicable to other epithe-

lial cancers, such as colorectal and head and neck squamous 

cell carcinomas, and to other targeted therapies, including 

anti-EGFR and anti-vascular endothelial growth factor.26,35–38 

It suggests that this biomarker is associated with survival 

benefits from EGFR pathway inhibitors and thereby can be 

applied to other epithelial derived malignancies.

In the present study, we aimed to analyze serum protein 

profiles from Asian patients who were treated with EGFR-

TKIs with magnetic bead assisted serum peptide capture 

coupled to MALDI-TOF-MS and to develop a classification 

algorithm that could identify subgroups of NSCLC patients 

with improved survival after treatment with EGFR-TKIs. The 

prediction model was then validated in a blinded test set for 

its predictive capability. Finally, we assessed the predictive 

value of this proteomics classifier in the context of some 

clinical characteristics and the EGFR mutation status.

Materials and methods
sample collection and study population
Pretreatment serum samples were collected from patients 

treated with gefitinib/erlotinib. Inclusion criteria in this 

study were incurable stage IIIB/IV NSCLC patient failure or 

intolerance to chemotherapy, Eastern Cooperative  Oncology 

Group (ECOG) performance status 0 or 1, estimated life 

expectancy 12 weeks, and without severe underlying 

diseases.

All patients received gefitinib (250 mg/day) or erlotinib 

(150 mg/day) monotherapy until disease progression. Tumors 

were assessed at baseline with computed tomography scans. 

The second computed tomography scans of the chest and 

abdomen were obtained 4 weeks after treatment. The sub-

sequent imaging was undertaken at least every 8 weeks. 

Responses were assessed according to Response Evaluation 

Criteria in Solid Tumors.39

Before analysis, the patients were randomly divided into 

two cohorts: the training set and testing set. The training set 

was used for developing the classification algorithm which 

could discriminate benefit and nonbenefit populations. The 

testing set was used in a blinded fashion to validate the predic-

tive algorithm. The patients were also divided into two groups 

according to the response to treatment and PFS. The good 

clinical outcome group consisted of two conditions: partial 

response (PR) and long stable disease ([SD] SD .3 months). 

The poor clinical outcome group consisted of progressive 

disease (PD) and short stable disease (SD #3 months).

Patients provided written informed consent for the study. 

Blood samples were obtained before EGFR-TKIs treatment. 

Serum was separated by centrifugation for 20 minutes at 

4000 rpm, aliquoted, and stored at -80°C prior to running 

the assays.

sample preparation
In preliminary experiments, serum samples were processed 

with different surface functionalities of ClinProt™ micropar-

ticle beads (Bruker Daltonik GmbH, Leipzig, Germany), 

such as magnetic bead (MB) immobilized metal ion affinity 

chromatography and MB weak cation exchange (MB-WCX). 

We chose MB-WCX in this study for its better capture ability 
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of proteins or  peptides. A detailed procedure for choosing 

the beads for serum peptide preparation was described pre-

viously. Prior to mass spectrometry (MS) analysis, serum 

samples were subjected to fractionation using MB-WCX kits 

according to the manufacturer’s instructions (Bruker Daltonik 

GmbH). Briefly, we mixed 10 µL binding solution and 10 µL 

MB-WCX beads in a polymerase chain reaction tube. Five 

milliliters of serum were added to the solution, mixed inten-

sively, and incubated for 5 minutes. Then, we separated the 

unbound solution with the magnetic separator. After magnetic 

bead separation and washing three times, the bound proteins/

peptides were eluted from the magnetic beads. Finally, the 

eluted proteome fraction was mixed with 1 mL of matrix 

(saturated solution of 4-hydroxy-3,5-dimethoxycinnamic 

acid in 50% acetonitrile with 0.5% trifluoroacetic acid) and 

spotted onto the AnchorChip target (Bruker Daltonics Inc, 

Santa Barbara, CA, USA) for analysis.

MS analysis (protein profiling)
We used a linear MALDI-TOF-MS (Microflex; Bruker Dal-

tonics Inc) for peptidome profiling according to the protocol 

previously described. The settings were applied as follows: ion 

source 1, 20 kV; ion source 2, 18 kV; lens, 7.5 kV; pulsed ion 

extraction, 210 ns; and nitrogen pressure, 1,700–2,000 mbar. 

Ionization was achieved by irradiation with a nitrogen laser 

(λ =337 nm) operating at 25 Hz. Profile spectra were acquired 

from an average of 400 laser shots. Instrument calibration 

parameters were determined using standard peptide and pro-

tein mixtures (Bruker  Daltonics Inc). Human serum (catalog 

number S7023, Sigma Chemical Co, St Louis, MO, USA) 

was used to evaluate the reproducibility for quality control 

once every 15 samples. All signals with a signal to noise ratio 

.5 in a mass range of 800–10,000 Da were recorded with 

the use of the flex control tool acquisition software (version 

3.0; Bruker Daltonics Inc). Proteomic pattern recognition 

was processed with ClinProTools™  bioinformatics software 

(version 2.1; Bruker Daltonics Inc).

Data processing and statistical analysis
All signals in a mass range of 800–10,000 Da were pro-

cessed for noise reduction with the top hat baseline and 

savitsky smoothing functions of the ClinProTools™. A 

signal to noise ratio =5 was set for protein peaks detection. 

FlexAnalysis 3.0 and ClinProTool 2.1 software (Bruker Dal-

tonics Inc) was used for MS data processing and statistical 

analysis. The different expressions of the same mass to charge 

ratio (M/Z) protein peaks in the two groups were compared by 

the  parametric testing (t test) and nonparametric hypothesis 

testing, and classification analysis was undertaken. Then 

we applied a genetic algorithm for global search, k nearest 

neighbor (KNN) algorithm for classified discrimination, and 

optimized the k (k =3, 5, 7, 9) values to establish a best clas-

sification model based on genetic algorithm (GA)-KNN. The 

classification model was then applied to identify the patients 

with different outcomes in the validation set. Univariate sur-

vival analysis was based on the Kaplan–Meier product limit 

estimate. Differences between survival curves were compared 

with the use of the log-rank test. The relative importance on 

survival of each parameter included in the univariate analysis 

was estimated using the Cox proportional hazards regression 

model. Multivariable Cox proportional hazard analysis was 

done to evaluate the relevance of various clinical features. All 

statistical tests were two-tailed, and P,0.05 was considered 

statistically significant.

Result
Patient population
Detailed patient characteristics of the training and validation 

cohorts are presented in Table 1. The training set contained 

Table 1 Patient characteristics

Characteristics Training set Validation set

Age (years)
 Median 57.5 56
 range 39–76 34–76
Sex, N (%)
 Male 10 (41.7) 21 (47.7)
 Female 14 (58.3) 23 (52.3)
Histology, N (%)
 adenocarcinoma 19 (79.2) 37 (84.1)
 squamous cell carcinoma 5 (20.8) 7 (15.9)
Stage, N (%)
 iiiB 4 (16.7) 4 (9.1)
 iV 20 (83.3) 40 (90.9)
Smoking history, N (%)
 no 19 (79.2) 32 (72.7)
 current or former 5 (20.8) 12 (27.3)
Previous chemotherapy, N (%)
 0 1 (4.2) 5 (11.4)
 1 9 (37.5) 15 (34.1)
 2 14 (58.3) 24 (54.5)
RECIST, N (%)
 Partial response 6 (25.0) 12 (27.3)
 stable disease .3 months 8 (33.3) 17 (38.6)

 stable disease #3 months 3 (12.5) 4 (9.1)
 Progressive disease 7 (29.2) 11 (25)
EGFR-TKIs, N (%)
 Gefitinib 10 (41.7) 24 (54.5)
 erlotinib 14 (58.3) 20 (45.6)

Abbreviations: egFr-TKis, epidermal growth factor receptor-tyrosine kinase 
inhibitors; recisT, response evaluation criteria in solid Tumors.
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24 patients, and the prediction algorithm was applied to a 

validation set consisting of 44 NSCLC patients. Most of the 

patients included in this study were stage IV, with ECOG 

performance status of 1–2, and had received prior chemo-

therapies for recurrent or metastatic disease. The majority 

of patients were nonsmokers and had adenocarcinoma 

histology.

comparison of proteomic level  
between patients
First, we compared the different proteomic level between 

the good clinical outcome group and poor clinical outcome 

group in the training set. There were 18 peaks expressed as 

significantly different between the two groups (P,0.05). The 

mass spectra of M/Z 5965.53, 8141.66, 7009.78, 7766.58, 

7877.8, 9290.1, 9183.46, 9062.55, 7675.66, 8992.56, 

7600.27, 7830.22, 8863.24, and 7634.22 were more highly 

expressed in the poor clinical outcome group, and the mass 

spectra of M/Z 1618.99, 2952.01, 2933.39, and 1464.98 

were highly expressed in the good clinical outcome group 

(Table 2 and Figures 1, 2).

Development of a prediction model
Next we established a GA-KNN based model with the 

ClinProTools™ software to predict the outcome after EGFR-

TKIs therapy. This model is based on three peaks with M/Z 

5965.53, 7766.58, and 9062.55. In the training set, all the 

14 good outcome cases and 10 poor cases were correctly 

classified.

Table 2 Distinct mass to charge ratio features in patients with different outcomes

Mass (M/Z) P-value of t test Value (good) SD (good) Value (poor) SD (poor) Width

 1. 8,141.66 0.00458 13.68 4.72 34.66 10.61 20.97
 2. 7,009.78 0.00458 18.76 4.64 34.52 8.15 15.76
 3. 7,766.58 0.00972 99.08 59.69 299.88 120.55 200.79
 4. 7,877.8 0.00972 3.64 1.19 8.11 2.83 4.46
 5. 5,965.53 0.00972 70.22 26.93 132.17 46.34 61.95
 6. 9,290.1 0.00972 712.29 307.4 1220.08 292.99 507.79
 7. 9,183.46 0.0116 24.4 8.01 51.47 17.95 27.07
 8. 9,062.55 0.0136 18.99 6.96 50.77 21.77 31.77
 9. 7,675.66 0.0169 5.82 1.62 13.29 5.37 7.48
10. 8,992.56 0.024 4.34 1.15 10.84 4.98 6.5
11. 7,600.27 0.0319 5.88 1.42 10.12 3.53 4.25
12. 7,830.22 0.0319 10.02 4.29 21.69 9.76 11.67
13. 1,618.99 0.0319 19.67 6.3 13.12 3.43 6.55
14. 8,863.24 0.0354 17.52 6.24 49.2 27.97 31.68
15. 2,952.01 0.0354 239.72 89.54 151.04 51.73 88.68
16. 2,933.39 0.0354 63.48 21.22 41.38 13.73 22.1
17. 1,464.98 0.0456 16.33 6.91 9.62 4.35 6.71
18. 7,634.22 0.0458 5.22 1.11 9.47 4.01 4.24

Abbreviations: M/Z, mass to charge ratio; sD, standard deviation.

Validation of the prediction model
This prediction model was then validated by a blinded test set 

consisting of 15 sera from poor outcome patients and 29 sera 

from good outcome individuals. A total of 93% (14 of 15) of 

poor outcome patients and 93% (27 of 29) of good outcome 

patients were correctly identified. The result of the cross 

validation was 93%.

Predictive properties of the proteomic 
classifier on survival
Patients classified as good outcome are expected to have a 

better OS or PFS than the predicted poor outcome patients. 

According to the 3-peptide proteomic classifier, we divided 

the patients of the testing sets into predicted good and poor 

outcome groups. Of the 44 NSCLC patients, 28 were clas-

sified as the predicted good outcome group and 16 were 

classified as the poor outcome group. The Kaplan–Meier 

survival curves for the two groups are shown in Figures 3 

and 4. Patients in the predicted good group had significantly 

longer OS (hazard ratio [HR], 0.357; 95% confidence 

interval [CI], 0.186–0.688; P=0.002) and PFS (HR, 0.06; 

95% CI, 0.022–0.158; P,0.001) than those in poor group 

(Table 3).

exploratory assessment of the proteomic 
classifier’s predictive value in subgroups
Subsequently, we applied the proteomic classifier to predict 

patient subgroups with different clinical characters. In the 

stratified subsets of patients who were nonsmokers or had 
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pathological adenocarcinoma, the survival of the predicted 

good group was significantly longer than the predicted poor 

one (Table 3 and Figure 4), notwithstanding these subsets of 

patients had been reported to be more sensitive to EGFR-

TKIs. Given the relatively small sample size in other stratified 

factors, such as sex (male or female), squamous carcinoma, 

and smoking, meaningful Kaplan–Meier survival analysis 

was unavailable in these subsets.

In addition, we explored the association of the proteomic 

classifier and the EGFR status in the testing set. Tumor tissue 
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samples were obtained for analysis of mutations in exons 18 

to 21 of EGFR from 20 of all 44 patients. Six tumors had 

inframe deletions in exon 19, two tumors had a substitution 

mutation L858R in exon 21, and another 12 tumors were wild 

type. With the proteomic prediction model, all eight EGFR 

mutant tumors and three of the 12 wild type EGFR tumors 

were classified as good, and nine of the 12 wild type EGFR 

tumors as poor. The classified results based on proteomics 

are identical with the clinical outcomes.

cox univariate and multivariate  
analyses for PFs and Os
Finally, Cox univariate and multivariate analyses of OS and 

PFS were done on the validation cohorts using the proteomic 

classification and clinicopathologic variables including 

histology, sex, age, and drug and smoking history (Table 4). 

The univariate model indicates that only the MALDI-TOF-

MS data analysis algorithm classification was independently 

associated with survival benefit. With multivariate analysis, 

smoking status and proteomic classification were signifi-

cantly correlated with OS.

Discussion
In the present study, we used magnetic bead assisted serum 

peptide capture coupled with MALDI-TOF-MS to compare 

the different proteomic levels in the different clinical out-

come groups of NSCLC patients who received EGFR-TKIs 

therapy. To the best of our knowledge, this is the first attempt 
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Table 3 Overall and progression free survival outcomes in the 
validation cohorts based on the classification

Variable N PFS  
(months)

P-value OS  
(months)

P-value

adenocarcinoma
 Predicted good 26 11.1 ,0.001 26.1 ,0.001
 Predicted poor 11 1.1 6.2
nonsmoker
 Predicted good 20 13.4 ,0.001 24.4 0.014
 Predicted poor 12 1.0 9.4
all patients
 Predicted good 28 13.3 ,0.001 24.4 0.001
 Predicted poor 16 1.0 6.2

Abbreviations: Os, overall survival; PFs, progression free survival.

to use the method of MB based separation and MS generated 

profiles to predict the survival of NSCLC patients treated 

with targeted therapy. The patients included in this study 

were all Asian.

Unlike pooled data supporting the role of genomics in 

predicting target selectivity of EGFR-TKIs, only a few studies 

have been focused on the identification of protein signatures 

to select candidate patients. In a recent study, Okano et al21 

developed a set of nine protein spots, which were based on 

the comparison of PRs and PDs, to identify the EGFR-TKI 

effect in NSCLC patients. In the validation set, the proteomic 

classifier successfully distinguished responders (complete 

response [CR]/PR) from nonresponders (PD). Nevertheless, 

the model garnered criticism for its neglect of the SD cases 

since data have shown survival improvement may not be 

confined exclusively to patients with tumor shrinkage,40 and 

considering that stabilization of the disease and prolonged 

OS are important criteria of benefit from treatment. In the 

present study, we specifically took the response to treatment 

and PFS/OS together as end points of our classifier. In the 

preliminary experiment, we compared all the mass spectra in 

the training set with visualization. It showed that the spectra 

curve of the long SD (SD .3 months) was close to PR, and 

short SD (SD #3 months) was close to the PD. The curves 

of the former two groups were distinctly deviated from the 

latter two groups (Figure 2). Accordingly, in the training set 

we divided the patients with PR and long SD to the good 

clinical outcome group, the PD and short SD to the poor 

outcome group. In the validation set, the proteomic classifier 

acquired a relatively high predictive accuracy even within 

the SD population.

Nowadays, EGFR mutation status appears to be the most 

valid predictive biomarker for EGFR-TKIs treatment.41,42 

Indeed, mutation testing is most relevant to treatment deci-

sion in the first line therapy setting. In second or third line 
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treatment, the existing literature only confirms the predictive 

efficacy of EGFR mutations on tumor response and PFS.43 

However, the predictive effect of mutations on OS remains 

unclear. In the BR.21 trial, data showed that EGFR mutations 

were prognostic rather than predictive markers.44 In the pres-

ent study, with a novel MALDI-TOF-MS proteomic classifier, 

we divided 44 patients into two groups, finding that both OS 

and PFS in the predicted good group were significantly longer 

than in the poor group. The Cox proportional hazards regres-

sion model showed that the predictive algorithm had better 

association with survival than the other clinical features. 

This result was in line with the study by Taguchi et al.22 They 

showed that the predicting algorithm, named VeriStrat, which 

is based on the analyses of pretreatment sera or plasma using 

MALDI-TOF-MS, could identify patients with improved sur-

vival and time to progression after EGFR-TKIs treatment. In 

subset analysis, they showed that VeriStrat was independent 

of clinical features, such as smoking, sex, and histology. 

Likewise in our experiments, the classification algorithm kept 

its predictive value in patients who are likely to respond to 

the EGFR-TKIs, such as nonsmokers and those with patho-

logical  adenocarcinoma. All eight patients harboring EGFR 

mutations were exactly divided into the predicted good group. 

The results indicate that for patients without sufficient tissue 

for EGFR mutation detection, a serum proteomic test can 

provide valuable information and assist in selecting patients 

who would benefit from EGFR-TKIs.

Although sensitivity to EGFR-TKIs is considered to be 

associated with activating mutations in the tyrosine kinase 

domain, for patients with the wild type EGFR gene, there is 

a response rate of 10%.45,46 Recently, several researchers have 

indicated novel gene alterations, such as CYP1A1*2A,47 or 

expression of novel molecular biomarkers, like amphiregu-

lin,48 would be associated with prolonged survival in patients 

harboring the wild type EGFR gene. In the ECOG 3503 trial,26 

VeriStrat status was significantly associated with survival in 

patients with wild type EGFR. Our exploratory analysis also 

showed that, of the available tumor samples, three of the 12 

EGFR wild type tumors were classified as good and nine 

classified as poor. The classified results are identical with 

the clinical outcomes. Thus, a proteomic classifier may be 

capable of identifying a subset of NSCLC patients with wild 

type EGFR who will benefit from EGFR-TKI therapy.

Furthermore, we also realized that other genetic altera-

tions, especially Kirsten rat sarcoma viral oncogene homo-

logue (KRAS) mutation, were associated with poor response 

to EGFR-TKIs.49,50 However, KRAS mutation is less  common 

in Asians. In a recent study, An et al51 reported a relatively low 

mutation rate of KRAS in Chinese NSCLC patients (5.4% 

of cases). In the present study, most patients are diagnosed 

from cytologic samples or small biopsies where there may 

be inadequate amounts of tumor for such biomarker assess-

ments. Although some studies have suggested that the status 

of KRAS contributes to the response to EGFR-TKIs in 

patients with wild type EGFR,49,50,52 at present the evidence 

is not strong enough for KRAS status to be used in selecting 

the EGFR-TKI target population even in those with wild type 

KRAS. Moreover, EGFR and KRAS mutations are almost 

mutually exclusive.51 Patients with KRAS mutations rarely 

harbor EGFR mutations, whereas those with wild type KRAS 

may potentially harbor EGFR mutations. Therefore, we only 

focused on the EGFR status rather than KRAS status in this 

study. Nevertheless, we would consider more molecular 

alterations in future studies.

We found that many notable mass spectra differences 

existed between sera of patients with different responses to 

EGFR-TKIs. This result indicated the presence of a unique 

proteomic signature characteristic of tumor TKI sensitivity. 

In a previous study, the proteomic signature (VeriStrat®) that 

is comprised of eight protein features was able to classify 

patients for improved survival after treatment with EGFR-

TKIs.22 Interestingly, in the current study, classifiers based 

on only three proteomic features could also stratify NSCLC 

patients after treatment with EGFR-TKIs in terms of OS and 

PFS. We suspect that there are several reasons contributing 

to this difference. First, VeriStrat® was built on the basis 

of the most different MALDI-TOF-MS spectra belonging 

to the patients with SD longer than 6 months (classified as 

good) and progressive disease within 1 month (classified 

as poor).22 As previously described, we divided the patients 

with PR and long SD to the good clinical outcome group, 

and the PD and short SD to the poor group. Considering all 

patients with distinct response/survival were brought into 

the training set, our classification may be more close to facts 

in clinical practice. Secondly, analysis of VeriStrat® in the 

sera from patients included in the BR.21 trial was recently 

reported and indicated that this marker had prognostic as 

well as predictive value.53 Further studies indicated that 

the same signature was also applicable to other epithelial 

cancers, such as colorectal and head and neck squamous 

cell carcinomas,37 and to other targeted therapies, including 

anti-EGFR and anti-vascular epithelial growth factor.35,36 

Accordingly, it suggests that this proteomic profile may 

detect tumor EGFR signal dependence and thus somewhat 

explain why the protein features of VeriStrat® are more than 

the ones of our classifier. Lastly, most patients in VeriStrat® 
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related studies are Caucasian. In our study, all patients are 

Asian. The underlying race differences may partly contribute 

to the proteomic distinctions.

Furthermore, the spectral feature of M/Z 5965.53 in 

our classifier resembled one of the features in VeriStrat®. A 

recent publication demonstrated that four out of the eight 

peaks of the VeriStrat signature, including the peak at M/Z 

5843, contain several forms of serum amyloid A1 (SAA1).54 

Although the authors did not find the mechanistic effect 

of SAA1 upregulated in VeriStrat poor classified patients, 

they speculated that higher SAA1 levels are associated with 

activation of the tumor microenvironment which in turn is 

responsible for cancer progression. Since accumulating data 

have shown that the role of the tumor microenvironment 

is more relevant in patients treated with EGFR-TKIs, we 

also hypothesize that the signatures of our classifier are 

associated with specific tumor-host interactions, which 

lead to the distinctions in survival of NSCLC patients with 

EGFR-TKIs therapy.

Finally, we cannot exclude the prognostic role of the 

proteomic classifier in EGFR-TKIs treatment. However, 

considering the classifier was strongly associated with 

tumor response and duration of PFS, the survival signature 

may relate to therapy outcome rather than natural history 

of the disease. Moreover, to confirm whether the predic-

tive power of the classifier is specific to treatment with 

EGFR-TKIs, another two cohorts of patients treated with 

chemotherapy or surgery alone should be included in a 

further study.

In the current study, we confirm that serum protein pro-

files are distinct in patients with different response to EGFR-

TKIs. A noninvasive, highly sensitive, and high throughput 

approach was established to predict the clinical outcome of 

NSCLC patients administered with EGFR-TKIs. Our find-

ings suggest that the MS based serum classifier may assist 

clinicians in the selection of second or third line therapy in 

the absence of available tumor tissue or in patients whose 

tumors have wild type EGFR, or in certain subsets, such as 

nonsmokers and patients with pathological adenocarcinoma. 

Although our findings are encouraging, we cannot rule out 

that a heterogeneous patient group with a small number of 

patients, and a retrospective single institution study may 

result in an incorrect estimate of the association between the 

algorithm and clinical outcome. Accordingly, further valida-

tion with larger cohorts and randomized prospective trials is 

necessary in Asia to validate the proteomic classifier. Since 

the biology underlying this serum classifier is unclear, the 

next step is to purify, identify, and characterize the proteins 

that are expressed at significantly different levels between 

patients with different outcomes. Further understanding 

about the mechanisms of the sensitivity and resistance to 

EGFR-TKIs can be explored to bring out the individualized 

therapy for patients with advanced NSCLC.
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