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One Sentence Summary:  

 
Global quantitative proteome and phosphoproteome analyses to examine altered signaling 
pathways in isogenic 3rd generation EGFR TKI sensitive and resistant cells.  

 

Abstract: 

Lung cancer is the leading cause of cancer mortality worldwide. The treatment of lung cancer 

patients harboring mutant EGFR with orally administered EGFR TKIs has been a paradigm shift. 

Osimertinib and rociletinib are 3rd generation irreversible EGFR TKIs targeting the EGFR T790M 

mutation. Osimertinib is the current standard care for patients with EGFR mutations due to 

increased efficacy, lower side effects, and enhanced brain penetrance. Unfortunately, all patients 

develop resistance. Genomic approaches have primarily been used to interrogate resistance 

mechanisms. Here, we have characterized the proteome and phosphoproteome of a series of 

isogenic EGFR mutant lung adenocarcinoma cell lines that are either sensitive or resistant to these 

drugs. To our knowledge, this is the most comprehensive proteomic dataset resource to date to 

investigate 3rd generation EGFR TKI resistance in lung adenocarcinoma. We have interrogated 
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this unbiased global quantitative mass spectrometry dataset to uncover alterations in signaling 

pathways, reveal a proteomic signature of epithelial mesenchymal transition (EMT) and identify 

kinases and phosphatases with altered expression and phosphorylation in TKI resistant cells. 

Decreased tyrosine phosphorylation of key sites in the phosphatase SHP2 suggests its inhibition 

resulting in inhibition of RAS/MAPK and activation of PI3K/AKT pathways. Furthermore, we 

performed anticorrelation analyses of this phosphoproteomic dataset with the published drug-

induced P100 phosphoproteomic datasets from the Library of Integrated Network-Based Cellular 

Signatures (LINCS) program to predict drugs with the potential to overcome EGFR TKI resistance. 

We identified dactolisib, a PI3K/mTOR inhibitor, which in combination with osimertinib 

overcomes resistance both in vitro and in vivo.  

Introduction 

Lung cancer continues to be the leading cause of cancer mortality in the world (1). Many lung 

adenocarcinoma patients with activating epidermal growth factor receptor (EGFR) mutations 

initially respond dramaticlly to the first- or second-generation EGFR tyrosine kinase inhibitors 

(TKIs). However, they eventually develop resistance. The most common mechanism of acquired 

resistance is the EGFR T790M gatekeeper site residue mutation (2). Osimertinib, a third generation 

irreversible EGFR TKI has been approved by the FDA to treat patients harboring the EGFR 

T790M mutation who have developed resistance to first- and second- generation EGFR TKIs (3). 

Recently, osimertinib was also approved for the front-line treatment of patients harboring EGFR 

mutations (4). Rociletinib is another irreversible inhibitor targeting the EGFR T790M mutation, 

which has minimal activity against wild-type EGFR. Both drugs have therapeutic benefits and 

have demonstrated activity in tumors with T790M-mediated resistance to other EGFR tyrosine 

kinase inhibitors (5, 6). Further development of rociletinib was ceased in 2016 due to less than 
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expected efficacy, poor brain penetration leading to tumor progression in brain tissues and off-

target effects on IGFR activation leading to hyperglycemia (7, 8).  

Although 3rd-generation TKIs provide clinical benefit to most patients with EGFR mutations, some 

patients, demonstrating primary resistance, still do not respond to these inhibitors. Complete 

responses are rare, and all patients eventually develop resistance, suggesting primary and acquired 

resistance mechanisms decrease the efficacy of the drugs (9, 10). Genomic approaches have been 

used primarily to interrogate osimertinib resistance mechanisms (9, 11-15). Several mechanisms 

of osimertinib resistance have been identified (16), including novel second site EGFR mutations, 

activated bypass pathways such as MET amplification, HER2 amplification, RAS mutations, 

BRAF mutations, PIK3CA mutations, and novel fusion events (17). However, the resistance 

mechanism is complex and still not fully understood.  

Previously, we have used SILAC-based quantitative phosphoproteomics to identify the global 

dynamic modification which occur upon treatment of TKI-sensitive and -resistant lung 

adenocarcinoma cells with the 1st and 2nd generation EGFR TKIs, erlotinib and afatinib. Utilizing 

this strategy, we identified the targets of mutant EGFR signaling pathways responsible for TKI 

resistance, and possible off-target effects of the drugs (18, 19). In this study, we employed SILAC-

based quantitative mass spectrometry to characterize alterations in the proteome and 

phosphoproteome which occur upon acquired resistance and sought to identify novel mechanisms 

of resistance to the third generation EGFR TKIs, osimertinib and rociletinib. To our knowledge, 

this is the most comprehensive 3rd generation EGFR TKI resistant proteome and phosphoproteome 

analysis resource available to date.  

Results 
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Quantitative mass spectrometry to identify and quantify the global proteome and 

phosphoproteome  

H1975, an EGFR-L858R/T790M mutant 3rd generation EGFR TKI-sensitive cell line, and the 

corresponding isogenic osimertinib (AZR3 and AZR4) or rociletinib (COR1 and COR10) resistant 

cell lines were used for 3-state SILAC experiments to characterize the proteome and 

phosphoproteome by quantitative mass spectrometry. Cells were cultured in medium containing 

light, medium, and heavy labeled amino acids and maintained in the drug until 3 days before the 

experiment. Cells were subsequently treated with either DMSO or the 3rd generation EGFR TKIs, 

osimertinib or rociletinib (Fig. 1A). Both proteome and phosphoproteome (including TiO2 

enriched phospho-serine / threonine and anti-phophotyrosine antibody-enriched phosphotyrosine 

peptides) analyses were performed. Overall, we identified and quantified thousands of proteins 

and phosphosites (Fig. 1B and Table S1, S2). Approximately 66-69% of the phosphosites 

identified were Class I sites. These are phosphosites whose localization probability of 

phosphorylation is greater than or equal to 0.75. More proteins and phosphosites were identified 

from the H1975/AZR3/AZR4 experiment than the H1975/COR1/COR10 experiment. 77% of the 

proteins and 39% of the phosphosites identified were common to both the osimertinib and 

rociletinib experiments. More unique proteins and phosphosites were identified in the osimertinib 

experiment than the rociletinib experiment (Fig. 1C). This could be due to the use of the QE HF 

mass spectrometer for the osimertinib experiments, compared to the slower, less sensitive orbitrap 

elite for the rociletinib experiments. In addition, more biological replicates were performed for the 

osimertinib experiments, especially for the phosphotyrosine enrichment. The hierarchical 

clustering of proteins and phosphosites (Fig. 1D) clearly showed that the two drug resistant cell 

lines (osimertinib and rociletinib) were grouped into two separate clusters. The osimertinib 
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resistant cell lines (AZR3 and AZR4), with or without drug treatment, were clustered together as 

were the rociletinib resistant cell lines (COR1 and COR10). Overall, more proteins and 

phosphopeptides were less abundant in the resistant cells as evidenced by the distribution of the 

log2 ratio of the resistant and sensitive cells (Figure S1) and the actual numbers of significantly 

altered proteins and phosphopeptides (Figure S2A). The two rociletinib resistant cell lines, COR1 

and COR10 were similar to each other and there was greater difference between AZR3 and AZR4, 

the two osimertinib resistant cells (Figure S2A). 

Next, one sample t-tests were performed on the protein and phosphopeptide SILAC ratios to 

determine significant differences in abundance between the resistant and sensitive cells. Hundreds 

of proteins and phosphosites were identified whose abundances wer significantly different in 

resistant and sensitive cell lines (P < 0.05, 1.5-fold change) (Figure S2A-B, Table S2). We 

generated volcano plots using the log10 (p value) and log2 (fold change) of the proteins and 

phosphosites (Figure S3). The abundance of 113 proteins and 79 phosphosites were significantly 

altered in osimertinib resistant AZR3 and AZR4 cells treated with either DMSO or osimertinib. 

463 proteins and 122 phosphosites were significantly altered in rociletinib resistant cells, COR1 

and COR10, treated with either DMSO or rociletinib. Among the proteins differentially expressed 

proteins in the resistant cell lines were kinases, phosphatases, transcription regulators, transporters, 

and enzymes (Figure S2B). Examination of protein localization and function for all significantly 

altered proteins by Gene Ontology (GO) classification analyses showed that the differentially 

regulated proteins localized to the cytoplasm, nucleus, plasma membrane and the extracellular 

space (Figure 2A). Many translation regulator proteins were significantly more altered in 

rociletinib compared to osimertinib-resistant cells (Table S3). The heatmap of selected translation 

regulators illustrates the altered expression of proteins including several EIF proteins (Figure 2B).  
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Epithelial-mesenchymal transition (EMT) is a biological program observed in several types of 

epithelial cancers including NSCLC. It has been associated with metastatic spread and EGFR 

inhibitor resistance (20-22). We asked whether the osimertinib and rociletinib resistant cells 

underwent EMT and whether we can identify an EMT protein signature from the mass 

spectrometry data. We evaluated the expression of EMT proteins across all the resistant cell lines. 

In addition, we examined the expression of a set of EMT transcripts by quantitative RT-PCR 

(Table S4). At both the protein and RNA level, the ratio of TKI-resistant/sensitive cells in the 

presence and absence of the corresponding TKI (Figure 2C-D) showed that the expression of 

many EMT signature genes, such as vimentin (VIM) and Fibronectin 1 (FN1), was modulated 

consistent with EMT in resistant cells. This pattern of EMT genes expression was more significant 

in rociletinib-resistant cells. E-cadherin protein (CDH1) expression, associated with the epithelial 

state, has been associated with longer time to progression and a trend toward longer overall 

survival following combination erlotinib/chemotherapy (23). Consistent with this, we observed 

lower protein and transcript expression of CDH1 in resistant cells. Our results suggest that EMT 

is associated with TKI drug resistance in both rociletinib and osimertinib-resistant cells.   

Changes in the abundance and phosphorylation of protein kinases and phosphatases in 

osimertinib and rociletinib resistant cells 

To further examine the altered protein expression of kinases and phosphatases identified (Figure 

2A), the significantly altered SILAC ratios for kinases (Figure S4A) and phosphatases (Figure 

S4B) in the resistant cell lines, both DMSO and drug treated, were visualized in a heatmap. The 

significantly altered proteins (p<0.05) with a fold change cut-off of 1.5 were chosen. There were 

many kinases and phosphatases with altered expression in the TKI-resistant cells. There were more 

proteins dysregulated in the rociletinib resistant cells than osimertinib resistant cells, especially 
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those expressed at lower levels. Expression of protein tyrosine kinase 7 (PTK7), an inactive 

tyrosine kinase involved in Wnt signaling (24-27), and two phosphatases, translocase of inner 

mitochondrial membrane 50 (TIMM50) and protein tyrosine phosphatase receptor type F (PTPRF), 

was increased in all resistant lines. Abundance of several kinases, such as thymidine kinase 1 

(TK1), P21 activated kinase 1 (PAK1), phosphatidylinositol-5-phosphate 4-kinase type 2 gamma 

(PIP4K2C), and phosphatases, RNA guanylyltransferase and 5'-phosphatase (RNGTT), protein 

phosphatase, Mg2+/Mn2+ dependent 1B (PPM1B) and protein phosphatase 1 regulatory inhibitor 

subunit 14B (PPP1R14B) was decreased in all resistant lines. Interestingly, several proteins 

displayed opposite patterns in the TKI-resistant cell lines, such as 5'-Nucleotidase Ecto (NT5E), 

was more abundant in osimertinib-resistant, but less abundant in rociletinib-resistant cells, in 

comparison to their sensitive counterparts.   

There were also differences in expression of certain kinases and phosphatases between the two 

different isogenic cell lines resistant to either osimertinib (AZR3 and 4) and rociletinib (COR1 and 

10). For example, we saw contrasting expression patterns for the SRC proto-oncogene, an 

important non-receptor tyrosine kinase activated downstream of RTK, which plays a role in the 

activation of other protein tyrosine kinase (PTK) families. Whereas expression of SRC was 

increased in both the COR1 and COR10 rociletinib resistant cells and the osimertinib resistant cell 

line AZR3. but decrease in the resistant cell line AZR4. Such difference in individual protein 

expression in isogenic TKI-resistant cells, such as AZR3 and 4 may be represent their differential 

modulation during resistance. The phosphatase, Inositol Polyphosphate-5-Phosphatase (OCRL) 

involved in regulating membrane trafficking was less abundant in the AZR4 cells only. N-Myc 

Downstream Regulated 1 (NDRG1) had lower expression in the resistant cell lines, AZR4 and 

COR1. Overall, the differences in the modulation of the expression of specific kinases and 
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phosphatases among isogenic versions of TKI-resistant cells underscore the heterogeneity in the 

development of resistance to the EGFR TKIs, osimertinib and rociletinib.  

Since phosphorylation is regulated by both kinases and phosphatases, which are themselves 

regulated by phosphorylation, we evaluated the altered phosphorylation of specific phosphosites 

on kinases and phosphatases in the resistant cells. Heatmaps of the SILAC phosphorylation ratios 

(resistant/sensitive) highlight significant alterations in the phosphorylation of individual sites in 

kinases (Figure S5A) and phosphatases (Figure S5B) across the TKI-resistant cell lines 

with/without TKI treatment. Phosphorylation of many important sites on kinases, including 

EGFR-Y1172, MET-Y1003/Y1234, GAB1-Y659/Y406, MAPK1-Y187 was significantly reduced 

in resistant cells, independent of TKI treatment. On the other hand, phosphorylation of many sites, 

such as CDK1-Y15, CDK2-T14/Y15, CHEK2-S379, ROCK2-S1374, was significantly increased 

in resistant cells. Interestingly, we identified phosphorylation sites within several kinases which 

were differentially modulated with and without TKI treatment. In osimertinib-resistant cells, 

reduced phosphorylation of  MAPK3K2-S154, EGFR-Y1172, HIPK-Y359, YES1-Y194, EPHB4-

Y590, CDK5-Y4, GAB1-Y405/Y659, LYN-Y32 was more pronounced in untreated as compared 

to osimertinib-treated resistant cells. Similarly, in rociletinib-resistant cells, reduced 

phosphorylation of MARK3-S469, TJP2-S986, MAST4-S1373, SRP72-S621, MTOR-T1162, 

BAIAP2-T360, TNK2-Y859, STK10-S450, AAK1-S624, compared to rociletinib treated resistant 

cells. These dynamic phosphorylation changes suggest that, in TKI-resistant cells, phosphorylation 

at these sites is less dependent on EGFR signaling.  

We also investigated changes in phosphorylation on phosphatases (Figure S5B). The phosphatase, 

PTPN11, located downstream of EGFR, regulates the RAS/MAPK signaling pathway. 

Phosphorylation of PTPN11-Y62 was reduced in both osimertinib and rociletinib resistant cells, 
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regardless of TKI treatment. In rociletinib resistant cells phosphorylation of PTPN11-Y584 was 

also reduced.  We also identified another differentially modulated phosphatase, PTPN3. 

Interestingly, PTPN3 has been shown to be upregulated in both cisplatin and doxorubicin-resistant 

ovarian cancer cells, suggesting its role in tumorigenesis, stemness and drug resistance in ovarian 

cancer and potential its use as a therapeutic target for ovarian cancer (28). Phosphorylation of 

PTPN3-S359 was significantly reduced in rociletinib resistant cells, COR1 and COR10 but 

increased in osimertinib resistant cells, AZR3 and AZR4. Integrin-linked Kinase-Associated 

Serine Threonine Phosphatase (ILKAP) also known as protein phosphatase 2C selectively 

associates with Integrin Linked kinase (ILK) and modulates cell adhesion and growth factor 

signaling (29). ILKAP inhibits S9 phosphorylation of GSK3.  ILKAP-S13 phosphorylation was 

reduced significantly in osimertinib resistant cells, AZR3 and AZR4. Taken together, we identified 

altered phosphorylation of key phophosites on kinases and phosphatases implying that resistance 

is accompanied by dysregulation of kinase and phosphatase activity and in turn the relevant 

signaling pathways. 

Protein abundance differences between osimertinib and rociletinib-resistant cells in presence 

of the respective TKI 

Osimertinib and rociletinib are both 3rd generation EGFR TKIs with similar mechanisms of action. 

They are both irreversible inhibitors which covalently bind C797 of mutant EGFR, and do not 

inhibit wild type EGFRs. However, small molecule inhibitors such as TKIs often have different 

off target effects that have implications for targeted therapy and resistance. We sought to 

specifically analyze the proteins whose modulation is similar or different upon resistance to both 

TKIs. We examined proteins with significantly altered expression in all four TKI-resistant cell 

lines; the osimertinib resistant cell lines AZR3 and AZR4 as well as the rociletinib resistant cell 
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lines, COR1 and COR10. There were 60 proteins with altered expression in all four TKI resistant 

cell lines treated with their corresponding TKIs, osimertinib and rociletinib (Figure 3A and Table 

S5). The heatmap and hierarchical clustering of the 60 common differentially expressed proteins 

shows that the protein expression is either increased or decreased in both COR1 and COR10 cells 

or AZR3 and AZR4 cells, suggesting that these proteins are likely involved in the resistance 

mechanisms to the individual EGFR TKIs. Of these 60 proteins, 35 were less abundant in all 

resistant lines, while nine proteins were expressed at significantly higher levels in all resistant lines. 

Interestingly, expression of 16 proteins were differentially modulated in the osimertinib and 

rociletinib resistant cells. Of these proteins, expression of 15 increased in rociletinib resistant cells 

and decreased in osimertinib resistant cells compared to the isogenic TKI sensitive cells (Figure 

3B).  Included in these group is fibronectin 1 (FN1), Transglutaminase 2 (TGM2), Complement 

C3 (C3), HLA-A and Inosine Triphosphatase (ITPA).  Only one protein, ALCAM, a member of a 

subfamily of immunoglobulin receptors, was down-regulated in rociletinib resistant cells but up-

regulated in osimertinib resistant cells. STRING analysis of the 60 common differentially 

expressed proteins revealed a network of proteins in which 27 of the 60 are direct or indirect 

downstream targets of EGFR (Figure 3C), indicating EGFR downstream targets are alterd in the 

EGFR TKI-resistant cells.   

Canonical pathways dysregulated in osimertinib and rociletinib resistant cells 

Next, we used Ingenuity Pathway Analysis (IPA) to evaluate the activated or inhibited canonical 

pathways enriched among the proteins with significantly altered phosphorylation (Table S6). 

Interestingly, a number of signaling pathways enriched in both the osimertinib resistant cells 

(Figure S6A) and rociletinib resistant cells (Figure S6B) had a negative Z-score, which is 

indicative of pathway inhibition. In both TKI-resistant lines, ERBB signaling, EGF signaling, 
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regulation of eIF4 and p70S6K signaling, ILK signaling, JAK/STAT signaling, RAC signaling, 

and PAK signaling were inhibited. Many of the pathways enriched in the resistant cells had 

positive Z-scores, suggesting activation, including PTEN, PPAR, RHOA, RhoGDI, p53, and 

PPAR/RXR signaling. There were a few signaling pathways, in the osimertinib and rociletinib 

resistant cells, which were dysregulated in an opposing manner. For example, CDC42 signaling 

and regulation of Actin-based motility by RHO pathway signaling were activated in the 

osimertinib resistant cells and inhibited in the rociletinib resistant cells. Overall, we found that, 

more signaling pathways were inhibited in the resistant cells, correlating with the overall 

significant reduction of phosphorylation in the resistant cells. 

Validation of differentially phosphorylated proteins and phosphosites in resistant cells 

To further validate and supplement our global quantitative mass spectrometry data, we performed 

Western blots of select proteins (Figure 4). Changes in protein expression and phosphorylation at 

specific phosphosites in TKI-sensitive cells, H1975 and the TKI-resistant cells, COR1, COR10, 

AZR3, and AZR4 with or without TKI treatment, were examined (Figure 4A). Relative 

quantification of phosphorylated proteins normalized to total protein expression was performed on 

the Western blots. Phosphorylation of EGFR, ERK, AKT-T308, SRC-Y416, MEK-S217/221 and 

p70S6K-T389 was reduced in at least one of the resistant cell lines. Phosphorylation of MET, an 

RTK with known activation of parallel signaling pathway upon EGFR TKI resistance, was 

increased in COR10 and both AZR3 and AZR4. AXL expression was upregulated in both the 

osimertinib and rociletinib resistant cells; however, AXL-Y779 phosphorylation was reduced in 

AZR3 and AZR4 cells without osimertinib treatment, but not significantly in COR1 and COR10 

cells. Among the epithelial-mesenchymal transition (EMT) proteins, E-cadherin expression 
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consistently decreased in both the osimertinib and rociletinib resistant cell lines, again confirming 

EMT associated with the resistant cells (Figure 4A-B).  

Upstream phosphatase analysis of significantly altered phosphopeptide substrates in TKI-

resistant cells 

Phosphorylation of downstream targets is regulated by upstream kinases and phosphatases. To 

identify the upstream regulatory phosphatases, we performed IPA analysis on the phosphorylation 

sites that were significantly hyper- or hypo-phosphorylated in the resistant cells. We identified 13 

osimertinib-specific (Figure S7A) and 14 rociletinib-specific Figure S7B) upstream phosphatases 

in the resistant cells. Almost all had positive Z-scores, indicating they are active in the TKI-

resistant cell lines.  

Next, we made networks showing connections between altered phosphosites and their 

experimentally validated phosphatases from the human DEPhOsphorylation Database (DEPOD) 

(30) (Figure S7C-F). Many of these phosphatases, such as PTPN11, PTPN1, PTPRK, and PTPRJ, 

overlapped with those identified by IPA analysis. Phosphorylation of downstream phosphorylation 

targets of these phosphatases was reduced in the resistant cells, suggesting activation of these 

phosphatases.  

Validation of altered phosphorylation sites of the phosphatase PTPN11 

The phosphatase, PTPN11 (more commonly known as SHP2) can activate the RAS/MAPK 

pathway and inhibit the PI3K/AKT cascade through different mechanisms. Once SHP2 is 

associated with adaptor protein GAB1, it inhibits PI3K by dephosphorylating GAB1-PI3K binding 

sites. We asked whether phosphorylation changes in SHP2 are associated with PI3K/AKT and 

MAPK signaling in TKI resistant cells. Multiple phosphorylation sites of PTPN11 were identified 
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and quantified in both osimertinib and rociletinib resistant cells (Figure 5A). Most of the sites 

identified, including S580, Y546, Y584, and Y62, were significantly hypo-phosphorylated in all 

resistant cells,. MS and MS/MS spectra of the PTPN11 phosphopeptides VpYENVGLMQQQK 

(Y584) and IQNTGDpYYDLYGGEK (Y62) demonstrate that phosphorylation at these sites was 

significantly lower in all resistant cells, AZR3 and AZR4 as well as COR1 and COR10 (Figure 

5B). Western blots confirmed the PTPN11phosphorylation changes in sensitive and resistant cells 

with or without drug treatment. PTPN11-Y584 phosphorylation was significantly reduced in both 

the osimertinib and rociletinib resistant cells (Figure 5C). Taken together, reduced 

phosphorylation of key PTPN11sites in resistant cells, which is consistent with inactive 

phosphatase activity, is associated with increased activation of PI3K/AKT pathway and decreased 

activation of the RAS/MAPK signaling (Figure 5D).    

Upstream kinase analysis of significantly altered phosphopeptide substrates in TKI-resistant 

cells 

To identify kinases whose targets were significantly over-represented among the significantly 

hyper- or hypo-phosphorylated sites in drug-resistant vs. sensitive cells, we matched the 

significantly altered phosphorylation sites with the kinase-target site data in iPTMnet v.4.1 (31). 

To improve statistical power, the enrichment analysis was performed at the level of kinase families 

rather than individual kinases (Tables S7, S8). Networks were generated showing the upstream 

kinase families and the downstream phosphorylated targets that were either significantly hyper- or 

hypo- phosphorylated in AZR3, AZR4, COR1 and COR10 cell lines in presence of the 

corresponding EGFR TKIs (Figure 6). We determined that many downstream CDK kinase family 

phosphosites in the CMGC group were hypo-phosphorylated; while many downstream AKT 

kinase family and STE20 kinase family phosphosites were hyper-phosphorylated in all four 
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resistant cell lines (Figure 6A-D). We also found phosphosites in proteins downstream of the PKA 

kinase family were hyper-phosphorylated in the two rociletinib resistant cell lines (Figure 6C, D). 

There was more similarity between networks identified for the rociletinib-resistant lines, COR1 vs 

COR10, than between the osimertinib resistant cell lines, AZR3 vs AZR4. The CK2, SGK and 

WEE kinase families downstream proteins were hyper-phosphorylated in the AZR3 resistant cell 

line, (Figure 6A). Phosphosites downstream of several CAMK group (CAMK1, RAD53, and 

MAPKAPK) and the TK group (ACK and MET) kinase families were either hyper- or hypo-

phosphorylated in the other osimertinib resistant cell, AZR4 (Figure 6B). In summary, global 

quantitative phosphoproteomic analyses have identified key regulatory networks consisting of the 

upstream kinase families and the downstream phosphorylation targets that are potentially activated 

or inhibited in EGFR TKI resistant cells.   

Prediction of drugs to circumvent resistance and in vitro / in vivo efficacy testing in osimertinib 

resistant cells 

Next, we used the P100 phosphoproteomic data generated from cancer cell lines with and without 

drug treatment by the NIH Library of Integrated Network-Based Cellular Signatures (LINCS) 

program (http://www.lincsproject.org/) (32) to identify drugs that might reverse the 

phosphoproteomic signature from the TKI resistant cells. We looked for anti-correlation of the 

phosphoproteomic signatures from osimertinib and rociletinib resistant cells with specific P100 

phosphoproteomic signatures from cell lines treated with specific drugs. We postulated that the 

drugs whose phosphorylation signatures are anticorrelated with those from the TKI resistant cell 

lines will have the potential to circumvent resistance to the EGFR TKIs, osimertinib and rociletinib.  

Using this approach, several inhibitors of multiple signaling pathways were identified for both 

osimertinib and rociletinib resistant cells (Table S9). We selected dactolisib, a dual PI3K/AKT 
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and MTOR inhibitor and VX-970, a DNA repair pathway inhibitor for further validation. 

Dactolisib could overcome TKI resistance in both osimertinib and rociletinib resistant cells either 

by itself or in combination with rociletinib or osimertinib (Figure 7A).  VX-970 was also found 

to have efficacy in circumventing TKI resistance in osimertinib resistant cells, AZR3 and AZR4 

(Figure 7B). We further investigated whether dactolisib and VX-970 could inhibit xenograft tumor 

growth in vivo in mice. Mice were injected with AZR3 cells to develop tumors in flank. Dactolisib 

in combination with osimertinib was able to inhibit tumor growth of AZR3 xenografts in vivo 

(Figure 7C) while VX-970 in combination with osimertinib could not inhibit tumor growth in vivo 

(data not shown).  The results show the feasibility of predicting drugs that overcome TKI resistance 

by leveraging the phosphoproteomic signature of drug treatment in cancer cells from the LINCS 

program.  

Discussion 

The use of oral EGFR TKIs for the treatment of lung cancer patients with tumors harboring mutant 

EGFR has been a paradigm shift. Osimertinib, the 3rd generation EGFR TKI is the current standard 

of care for patients with EGFR mutations due to its increased efficacy, lower side effects, and 

increased brain penetrance. Unfortunately, all patients treated with this drug develop resistance. 

Genomic approaches have primarily been used to interrogate resistance mechanisms to EGFR 

TKIs, including the 3rd generation EGFR TKIs. Here, we have characterized the proteome and the 

phosphoproteome of a series of isogenic EGFR mutant lung adenocarcinoma cell lines that are 

either sensitive or resistant to the 3rd generation EGFR TKIs, osimertinib and rociletinib. To our 

knowledge, this is the most comprehensive proteomic dataset resource to date used to investigate 

the 3rd generation EGFR TKI resistance in lung adenocarcinoma. We have utilized this unbiased 

global quantitative proteomic and phosphoproteomic dataset to uncover alterations in signaling 

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted July 4, 2020. ; https://doi.org/10.1101/2020.07.04.187617doi: bioRxiv preprint 

https://doi.org/10.1101/2020.07.04.187617


pathways in the TKI-resistant lines. In addition, we used this resource to reveal a proteomic EMT 

signature as well as kinases and phosphatases with altered protein expression and phosphorylation 

in the TKI resistant cells. Furthermore, we used anticorrelation analysis of this phosphoproteomic 

dataset with the published drug-induced P100 phosphoproteomic datasets from the LINCS analysis 

to postulate drugs with potential to overcome EGFR TKI resistance. We validated one such drug, 

dactolisib, a PI3K/mTOR inhibitor, in combination with osimertinib was able to overcome 

osimertinib resistance both in vitro and in vivo.  

Osimertinib and rociletinib resistant cells were independently developed from H1975 cells which 

harbor the EGFR-L858R/T790M mutation, by stepwise increases in drug dosage over several 

months (3, 33). The sensitive cells phenocopy approximately 60% of patients who develop 

resistance to the 1st and 2nd generation EGFR TKIs via acquisition of the EGFR-T790M mutation. 

Furthmore, the resistant cells serve as a valid model system for patients who undergo osimertinib 

treatment, and eventually develop resistance. We and others have primarily used genomic 

strategies to investigate mechanisms of osimertinib resistance (9, 11-15). To our knowledge, this 

is the first study to identify and compare resistance mechanism of these 3rd generation EGFR TKIs 

by utilizing unbiased global proteome and phosphoproteome modification data. This approach 

provides a powerful tool to examine activated signaling pathways without bias.  

The experimental approach used in this study employed 3-6 global SILAC quantitative mass 

spectrometry biological replicates. We identified thousands of proteins and phosphosites in both 

experiments, hundreds of which had statistically significant alterations in the resistant cells. 

Surprisingly, we observed more proteins and phosphosites with decreased abundance in both 

osimertinib and rociletinib resistant cells with/without drug treatment. Moreover, many translation 

regulator proteins were significantly more altered in rociletinib-resistant cells compared to 
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osimertinib-resistant cells, such as several of the EIF proteins (EIF3J, EIF1AX, EIF6, EIF2S3, 

EIF2S2, EIF4A2, EIF1A2, EIF4G1, EIF5, EIF4H and EIF4B), RPS27L, EEFSEC, IGF2BP2, 

PAIP1 (Figure 2B). The results suggest that the regulation of translation may have been altered in 

rociletinib resistant cells in contrast to the osimertinib resistant cells. Global alteration of protein 

translation would result in changes in protein expression contributing to TKI resistance. 

Furthermore, translation could be used as a therapeutic target (34).  

EMT has been associated with resistance to targeted therapies, including EGFR TKIs (20, 21). A 

transcriptomic EMT signature has been validated in clinical studies (21). We investigated 

quantitative transcript expression of EMT genes using qPCR and further estimated the protein 

expression changes in TKI resistant cells from the quantitative mass spectrometry data. Many 

EMT signature proteins and transcripts were altered significantly in the resistant cells, especially 

in the rociletinib resistant cells. For example, vimentin (VIM) and fibronectin 1 (FN1) were more 

abundant and E-cadherin protein (CDH1) expression was reduced in TKI-resistant cells.  Our 

results suggest that EMT is associated with TKI drug resistance for both rociletinib and 

osimertinib-resistant cells. We propose an EMT protein signature that can be identified and 

analyzed using mass spectrometry. This EMT protein signature needs to be further validated with 

large datasets employing targeted mass spectrometry assays, such as multiple reaction monitoring 

(MRM) in a QQQ mass spectrometer (35-37).  

We observed more differences between the two isogenic osimertinib resistant cells, AZR3 and 

AZR4 compared to the two rociletinib resistance cells, COR1 and COR10. The iPTMnet of 

upstream kinase analysis showed that downstream protein targets of the CK2, SGK and WEE 

kinase families were hyper-phosphorylated in the resistant cell line, AZR3 (Figure 6A). 

Phosphosites downstream of several kinase families in the CAMK group (CAMK1, RAD53, and 
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MAPKAPK) and the TK group (ACK and MET) were either hyper- or hypo-phosphorylated in 

the other osimertinib resistant cell, AZR4 (Figure 6B). To the contrary, the two rociletinib resistant 

cells, COR1 and COR10 were more similar to each other with respect to the upstream kinases and 

the downstream targets. These results obtained from isogenic TKI-resistant cells underscore the 

proteomic heterogeneity that is likely to impact treatment response and resistance. 

We have identified and quantified many kinases and phosphatases with altered expression and 

phosphorylation in the osimertinib and rociletinib resistant cells. Moreover, many important 

phosphorylation sites on kinases were hyper- or hypo-phosphorylated significantly in the resistant 

cells, both with and without drug treatment. Many of them are important downstream EGFR 

signaling pathway proteins, including EGFR-Y1172, MET-Y1003/Y1234, GAB1-Y659/Y406, 

MAPK1-Y187, CDK1-Y15, CDK2-T14/Y15, CHEK2-S379, ROCK2-S1374.  

PTPN11, commonly known as SHP2, is a ubiquitously expressed well characterized PTP 

oncogene. SHP2 activates the RAS/MAPK signaling pathway and inhibits the PI3K/AKT cascade 

downstream of RTKs by various mechanisms (38-40). The SHP2 protein contains two SH2 

domains (N-SH2/C-SH2), a catalytic PTP domain, and a C-terminal tail. SHP2 exists in the closed 

inactive conformation whereby the N-SH2 is wedged into the PTP domain, which is relieved upon 

pTyr binding on substrate proteins upon RTK signaling resulting in enzyme activity. Active SHP2 

is marked by phosphorylation of Y546 and Y584 in the C-terminal tail (mostly referred to as Y542 

and Y580 in literature based on the short isoform). We identified various phosphorylated tyrosine 

sites in SHP2, including Y546 and Y584. Phosphorylation at these sites was reduced in TKI-

resistant cells, indicating SHP2 exists in the closed inactive state in the resistant cells. This may 

partly explain the paradoxically lower activation of RAS/MAPK signaling as evidenced by 

reduced phosphorylation of ERK and increased activation of the PI3K/AKT pathway as evidenced 
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by increased phosphorylation of AKT in resistant cells (Figure 5D). Reduced SHP2 

phosphorylation and activation may be partly a result of overall reduced activation of mutant 

EGFRs (Figures 4 and 5). However, further upstream inhibitors of SHP2 activity in TKI resistant 

cells remains to be elucidated. 

The P100 assay includes a set of 100 phosphopeptide probes representing key cancer signaling 

pathways developed by the LINCS program (41). Phosphorylation of these sites from cell lines 

treated with a large set of therapeutic molecules was quantitated using a targeted MS-based P100 

assay screen (32). Our anticorrelation analysis of quantitated phosphopeptides in our dataset that 

overlapped with the P100 assay peptides revealed dactolisib targeting PI3K/AKT and mTOR 

pathways as having potential to reverse TKI resistance. Dactolisib could circumvent osimertinib 

resistance both in vitro and in vivo.  We were able to identify several other inhibitors of multiple 

signaling pathways that can potentially be used to treat TKI-resistant lung cancer that needs further 

validation. Our study underscored the possibility that the assay involving global or targeted MS-

based phosphoproteomics can be used to identifying drug targets in the treatment of cancer. 

In conclusion, this study identified and quantified, in an unbiased manner, the global proteome and 

phosphoproteome changes in 3rd generation TKI resistant lung cancer cells in presence and absence 

of the respective TKIs. This study provides a new dimension and complements the existing studies 

involving genomics to identify resistance mechanisms and drug targets in only a few instances so 

far. Our study identified TKI resistant mechanisms and also an actionable target based on cellular 

signaling perturbations in resistant cells.  

 

Materials and Methods 

Cell culture and treatment 
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H1975 parental cell line was obtained from ATCC. The resistant cell lines AZR3/AZR4 (resistant 

to osimertinib) and COR1/COR10 (resistant to rociletinib) haave been described before (references) 

and were obtained from AstraZeneca and Colvis Oncology, respectively. The cells were cultured 

at 37 °C, 5% CO2 in RPMI medium 1640 (Pierce, Rockford, IL) with 10% dialyzed fetal bovine 

serum (Invitrogen, Carlsbad, CA) and 1% penicillin/streptomycin for at least five passages to 

completely label the proteome with stable isotope labeled heavy Arg and Lys for three-state 

SILAC experiments. The three state SILAC-labeled cells were TKI-sensitive cell line H1975 

(light), the TKI-resistant cell lines AZR3 and COR1 (medium), and the TKI-resistant cell lines 

AZR4 and COR10 (heavy). The medium state cells were labeled with 13C6-Arg/D4-Lys and the 

heavy state cells were labeled with 13C6
15N4-Arg/13C6

15N2-Lys (Cambridge Iso-tope laboratories, 

Tewksbury, MA). Upon complete labeling, the cells were expanded to 15 cm dishes. The resistant 

cell lines were grown in the presence of TKIs until 3 days before the experiment. Each set of the 

SILAC labeled cells were treated either with DMSO or the corresponded drugs (50 nM osimertinib 

or 100 nM rociletinib) for one hour, respectively before harvesting. 

Protein extraction and sample processing 

Cells were lysed with urea lysis buffer (20 mM HEPES pH 8.0, 8 M urea, 1 mM sodium 

orthovanadate, 2.5 mM sodium pyrophosphate and 1 mM-glycerophosphate). Protein 

concentrations were determined by the Modified Lowry method (BioRad, Hercules, CA). Equal 

amounts of protein from lysates of each SILAC state were mixed together. The combined lysate 

was reduced with 45 mM dithriothreitol (Sigma Aldrich, St. Louis, MO), alkylated with 100 mM 

iodoacetamide (Sigma Aldrich), and subsequently digested with trypsin (Worthington, NJ) at 

37 °C overnight. The digest was then acidified with 1% TFA and peptides were desalted using 

C18 solid phase extraction columns (Supelco, Bellefonte, PA), lyophilized and stored at -80° C. 
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Basic reversed phase liquid chromatography (RPLC) fractionation 

Basic-RPLC separation was performed with an XBridge C18, 100 x 2.1 mm analytical column 

containing 5 m particles and equipped with a 10 x 2.1 mm guard column (Waters, Milford, MA) 

with a flow rate of 0.25 ml/min. The solvent consisted of 10 mM triethylammonium bicarbonate 

(TEABC) as mobile phase A, and 10 mM TEABC in ACN as mobile phase B. Sample separation 

was accomplished using the following linear gradient: from 0 to 1% B in 5 min, from 1 to 10% B 

in 5 min, from 10 to 35% B in 30 min, and from 35 to 100% B in 5 min, and held at 100% B for 

an additional 3 min. A total of 96 fractions were collected during the LC separation in a 96-well 

plate containing 12.5 l of 1% formic acid for immediate acidification. The collected fractions 

were concatenated into 12 fractions and dried in a vacuum centrifuge. 1/10th of the peptides was 

injected directly for LC-MS/MS analysis from protein identification. 

Enrichment of Phosphopeptides  

Remaining 9/10th of the dried peptides were dissolved in solution A containing 80% ACN, 1% 

TFA, and 3% 2, 5-DHB and incubated with TiO2 (Titansphere, GL Sciences) pretreated (2 h at 

room temperature) with solution A. After 12 h, TiO2 beads were washed thrice using solution A 

and twice with 80% ACN containing 1% TFA. TiO2 bound peptides were eluted using 3% NH4OH 

in 40% ACN and immediately acidified using formic acid. The peptides were vacuum dried, C18 

stage-tip cleaned before LC-MS/MS analysis. 

Phosphotyrosine peptides were enriched using a PhosphoScan Kit (p-Tyr-100 and p-Tyr-1000, 

Cell Signaling, Danvers, MA). The lyophilized peptide was dissolved in IAP buffer (50 mM 

MOPS, pH 7.2, 10 mM sodium phosphate, 50 mM NaCl) and incubated with 40 l of immobilized 

anti-phosphotyrosine antibody for 1 h at 4°C. The antibody beads were centrifuged for 1 min at 

1500 x g, and the supernatant was separated and saved. The antibody-bound beads were washed 3 
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times with 1ml of IAP buffer and twice with water by inverting tube 5 times at 4 °C. The 

phosphotyrosine-containing peptides were eluted from antibody with 55 l of 0.15% TFA by 

gently tapping the bottom of the tube and incubating at room temperature for 10 min. The peptides 

were vacuum dried, C18 stage-tip cleaned before LC-MS/MS analysis. 

LC-MS/MS Analysis 

Peptides were analyzed on a Q Exactive HF interfaced with an UltimateTM 3000 RSLCnano 

System (Thermo Fisher Scientific, San Jose, CA). The dried peptides and the enriched 

phosphopeptides were loaded onto a nano-trap column (Acclaim PepMap100 Nano Trap Column, 

C18, 5 m, 100 Å, 100 m i.d. x 2 cm) and separated on an Easy-sprayTM C18 LC column 

(Acclaim PepMap100, C18, 2 m, 100 Å, 75 m i.d. x 25 cm). Mobile phases A and B consisted 

of 0.1% formic acid in water and 0.1% formic acid in 90% ACN, respectively. Peptides were eluted 

from the column at 300 nL/min using the following linear gradient: from 4 to 35% B in 60 min, 

from 35 to 45% B in 5 min, from 45 to 90% B in 5 min, and held at 90% B for an additional 5 min. 

The heated capillary temperature and spray voltage were 275 °C and 1.7 kV, respectively. Full 

spectra were collected from 350 to 1800 m/z in the Orbitrap analyzer at a resolution of 120,000, 

followed by data dependent HCD MS/MS scans of the fifteen most abundant ions at a resolution 

of 30,000, using 40% collision energy and dynamic exclusion time of 30s. 

Data Analysis 

Peptides and proteins were identified and quantified using the MaxQuant software package 

(version 1.5.7.4) with the Andromeda search engine (42, 43). MS/MS spectra were searched 

against the Uniprot human protein database (Feb 2017, 70952 entries) and quantification was 

performed using default parameters for 3 state SILAC in MaxQuant. The parameters used for 

database search include trypsin as a protease with two missed cleavage sites allowed. 
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Carbamidomethyl cysteine was specified as a fixed modification. Phosphorylation at serine, 

threonine and tyrosine, deamidation of asparagine and glutamine, oxidation of methionine and 

protein N-terminal acetylation were specified as variable modifications. The precursor mass 

tolerance was set to 7 ppm and fragment mass tolerance to 20 ppm. False discovery rate was 

calculated using a decoy database and a 1% cut-off was applied to both peptide table and 

phosphosite table. 

Combined normalized SILAC ratio of the proteins and the phosphopeptides and individual ratios 

of each experiment were obtained from the MaxQuant search. Perseus (version 1.5.5.3) was used 

to view and further analyze the data (44). Hierarchical clustering of proteins and phosphorylation 

were obtained in Perseus using log2 SILAC ratios. One sample t-test was performed in Perseus 

and the proteins or phosphopeptides with the p-value less than 0.05 and the SILAC ratio above 

1.5-fold changes were considered as significantly changed. 

Kinase Enrichment Analysis 

The goal of the enrichment analysis was to identify kinases whose targets were significantly over-

represented among the phosphorylation sites that were significantly hyper- or hypo-

phosphorylated in drug-resistant vs. sensitive cells when matched with the kinase-target site data 

in iPTMnet v.4.1 (31).  To improve statistical power, the enrichment analysis was performed at 

the level of kinase families rather than individual kinases. Human kinases in iPTMnet were 

classified into families using a mapping table provided by KinBase 

(45)(http://kinase.com/web/current/human/; Dec 07 update). Phosphorylation sites that were 

significantly hyper- or hypo-phosphorylated in drug resistant vs. sensitive cells were selected using 

volcano plots (p-value greater than 0.05 and more than 1.5-fold change). Kinases for these sites 

were retrieved from iPTMnet using the iptmnetr R package (https://cran.r-
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project.org/web/packages/iptmnetr/index.html) and mapped to kinase families as above. An 

enrichment p-value for each family was obtained by performing Fisher’s Exact Test on the two-

by-two contingency table consisting of: (i) the number of significant sites phosphorylated by at 

least one kinase in the family; (ii) the number of significant sites with at least one identified 

iPTMnet kinase that were not phosphorylated by any family members; (iii) the number of sites in 

iPTMnet phosphorylated by at least one kinase in the family; and (iv) the number of sites 

phosphorylated by at least one kinase in iPTMnet that were not phosphorylated by any family 

members. Only families whose kinases phosphorylated three or more significantly changed sites 

were included in the analysis. Calculations for significantly hyper- or hypophosphorylated sites 

were done separately. Multiple testing correction was performed with the Benjamin-Hochberg 

method. All statistical calculations were carried out using R. 

Drug Signature Comparison 

Drug signature comparisons were performed using two methods.  First, we used querying 

Touchstone-P, a library of phosphoproteomic signatures from several cell lines treated with a panel 

of small molecule drugs (46). Each signature in the library consists of the relative abundances of 

approximately 100 phosphorylation sites (P100). The Proteomic Query tool, available through the 

ConnectivityMap web interface (http://clue.io/proteomics-query), compares an input P100 

phosphorylation signature to each signature in the library and reports a connectivity score ranging 

from -1 (strong negative connection/most “opposite” profile) to 1 (strong positive connection/most 

similar profile). The tool can calculate scores for data with and without replicates. To analyze our 

data with replicates, for each replicate of each cell line/drug combination in our dataset, we 

constructed a list of the log2 abundance ratios (TKI-resistant vs. sensitive) for all sites in the P100 

set for which we had data. Replicates in which fewer than 40 of the P100 sites were observed were 

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted July 4, 2020. ; https://doi.org/10.1101/2020.07.04.187617doi: bioRxiv preprint 

https://doi.org/10.1101/2020.07.04.187617


discarded. Depending on the cell line/drug combination, between two and four replicates had 

enough P100 data to be included in the analysis. The data was formatted as a gct file using the 

parse.gctx function in the cmap/cmapR R package (https://rdrr.io/github/cmap/cmapR) and 

submitted to the Proteomics Query tool to obtain connectivity scores. We also calculated the mean 

log2 abundance ratio across all replicates for the P100 sites observed in each cell line/drug 

combination in our data and submitted these profiles to the Proteomics Query tool using the “no 

replicates” option. Second, we calculated the Pearson correlation coefficient between each cell 

line/drug combination in our dataset and each experiment in the P100 dataset. We obtained the 

P100 data for this analysis from the P100 Level 3 data file P100Level3.08_16_2016.gct.txt (LDS-

41234.tar.gz). Experiments in this dataset were performed in batches on 96-well plates. Abundance 

values for each P100 peptide were z-score normalized on a plate-by-plate basis. Values for 

multiple peptides representing the same site were merged by finding the median value; similarly, 

values from replicate experiments were merged by median. For each of our cell line/drug 

combinatins, we obtained the MaxQuant normalized ratios for each observed site, and selected 

that subset of sites that are present in the P100. Pearson correlations were calculated using R. 

Strongly negative correlations (closer to -1) indicate drugs that might reverse the resistance 

signature of the TKI-resistance cells.  

Immunoblot Analysis 

For immunoblot analysis, cells were lysed in modified RIPA lysis buffer (150 mM NaCl, 1.0% 

IGEPAL CA-630, 0.5% sodium deoxy-cholate, and 50 mM Tris, pH 8.0), whereas for 

immunoprecipitation, cell extracts were prepared in Nonidet P-40 lysis buffer supplemented with 

protease and phosphatase inhibitors. 35 µg of lysate was separated by SDS-PAGE (4-15%, 

Invitrogen) and transferred to nitrocellulose membrane. After blocking in 5% BSA in PBS with 
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0.1% Tween 20 for 1 h, membranes were incubated with the appropriate primary antibody 

followed by secondary antibody coupled with HRP. The primary antibodies against 

phosphorylated and total proteins were purchased from Cell Signaling Technology (Andover, MA). 

Custom mouse monoclonal antibodies were made against EGFR L858R that recognizes mutant 

EGFR, but not wild-type EGFR, and against EGFR L858 that recognizes wild-type EGFR, but not 

mutant EGFR in collaboration with NanoTools (Germany).  

Drug Treatment and Cell Viability Assay 

For drug treatment and cell survival analysis, cells were trypsinized with 0.25% trypsin in EDTA, 

and centrifuged at 1,000 rpm for 5 mins at room temperature. Cells were re-suspended in RPMI 

medium with 10% FBS, 1% pen/strep, counted with trypan blue exclusion and plated 4,000 cells 

per well in a 96 well-plate. Cells were allowed to settle overnight before drug treatment. 10x stock 

of dactolisib and VX970 was prepared fresh for each experiment. 10uL of drug was added to 90uL 

of RPMI media already present in each well. Cells were incubated at 37°C, 5% CO2 for 72 hours. 

After 72 hours of treatment, all medium was removed, and 50uL of 1x Promega CellTiter-Glo® 

Luminescent Cell Viability Assay reagent was added to each well and incubated at room 

temperature for 15 minutes. Luminescence was measured with a SpectraMax M5 microplate reader 

and recorded by SoftMax Pro 5.4.1. Raw luminescence was normalized and plotted with MS Excel. 

Quantitative RT-PCR 

The All Prep DNA/RNA/Protein kit (QIAGEN) was used to total RNA from cell lines. The iScript 

Advanced cDNA Synthesis Kit (Bio-Rad) was used to synthesize cDNA to screen an 

Epithelial to Mesenchymal Transition (EMT) (Bio-Rad: SAB Target List) H384 plate using 

SsoAdvanced Universal SYBR Green Supermix (Bio-Rad). The plate was run on an ABI ViiA 7 

instrument and analyzed with CFX manager software (Bio-Rad). 
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Experimental Design and Statistical Rationale 

Three and five biological replicates were processed for H1975/AZR3/AZR4 experiment and 

H1975/COR1/COR10 experiment, respectively. Both proteome and phosphoproteome data were 

acquired and the quantitation was done by 3-state SILAC labeling. Volcano plots were generated 

for the Log 2 ratio of M/L and H/L. Proteins or phosphosites with 1.5-fold change and p value 

greater than 0.05 were considered as significant. 
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Figure Legends 

Fig. 1. Summary of SILAC-based quantitative proteome and phosphoproteome analyses of 
isogenic 3rd generation EGFR TKI-sensitive and resistant lung adenocarcinoma cells. (A) 
Experimental workflow showing treatment of SILAC-labelled cells, enrichment of 
phosphopeptides, and detection by tandem mass spectrometry. TKI-sensitive H1975, osimertinib-
resistant AZR3/AZR4 cells, and rociletinib-resistant COR1/COR10 cells were treated with DMSO 
or the corresponding TKI. (B) Summary table showing the number of proteins and phosphosites 
identified in each experiment. (C) Venn diagrams of proteins (left panel) and phosphosites (right 
panel) identified in osimertinib and rociletinib experiments. (D) Hierarchical clustering of proteins 
(left panel) and phosphosites (right panel) based on SILAC ratios. Columns represent different cell 
lines treated as indicated. Rows represent quantified proteins or phosphopeptides identified in all 
experimental conditions. 

Fig. 2. GO classification analyses for localization and function of proteins with altered 
abundance, translation regulators, EMT proteins and transcripts in TKI-resistant cells.  (A) 
Percentage of differentially expressed proteins in TKI-resistant cells with specific subcellular 
localization (up) and function (bottom). (B) Heatmap of SILAC ratios of protein abundance (TKI-
resistant/sensitive) of selected translation regulators across all experiments demonstrate 
significantly more alterations in rociletinib-resistant cells. (C) Hierarchical clustering of quantified 
EMT proteins in three state SILAC experiments based on SILAC ratios of protein abundance in 
presence and absence of corresponding TKI. (D) Hierarchical clustering of transcript ratios of 
EMT genes quantified by qPCR.     
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Fig. 3. Comparison of protein abundance differences between osimertinib-resistant and 
rociletinib-resistant cells treated with respective TKI. (A) Differentially expressed proteins in 
TKI-resistant cells compared to the sensitive cells. 60 differentially expressed proteins were 
common to all four resistant cell lines. (B) Heatmap and hierarchical clustering of the 60 
differentially expressed proteins common to all TKI-resistant cell lines. (C) Protein network of the 
60 common differentially expressed proteins together with EGFR by STRING analysis. Many of 
these proteins are direct and indirect downstream targets of EGFR. 

Fig. 4. Validation of differentially phosphorylated phosphosites and differentially expressed 
proteins in osimertinib or rociletinib-resistant cells. (A-B) Western blots showing changes in 
phosphorylation and total protein expression without TKI treatment and upon 1 hour of rociletinib 
(100 nM) or osimertinib (50 nM) treatment in H1975, COR1, COR10, AZR3, and AZR4 cells. 
Bar graphs show the relative quantification of phosphorylated proteins normalized to total protein 
expression in each cell line. 

Fig. 5. Phosphorylation alteration of different phosphosites of the phosphatases PTPN11. (A) 
Multiple phosphorylation sites of PTPN11 identified and quantified in both osimertinib and 
rociletinib resistant cells. The ratios give the relative abundance between the resistant cells and the 
sensitive cells H1975. (B) Annotated MS/MS spectra of the phosphopeptides 
VpYENVGLMQQQK (Y584) and IQNTGDpYYDLYGGEK (Y62) of PTPN11 and the MS 
spectra of their parent ions showing the relative abundance changes between the sensitive and 
resistant cells in osimertinib and rociletinib experiments. (C) Western blots showing changes in 
phosphorylation and total protein expression of PTPN11 and EGFR without TKI treatment and 
upon 1 hour of rociletinib (100 nM) or osimertinib (50 nM) treatment in H1975, COR1, COR10, 
AZR3, and AZR4 cells. (D) Role of SHP2 in the activation of RAS/MAPK and PI3K/AKT 
signaling pathways downstream from EGFR. 

Fig. 6. Networks generated by upstream kinase analysis of significantly altered 
phosphopeptide substrates in TKI-resistant cells using iPTMNet.  (A) AZR3/H1975 in the 
presence of osimertinib; (B) AZR4/H1975 in the presence of osimertinib; (C) COR1/H1975 in the 
presence of rociletinib; (D) COR10/H1975 in the presence of rociletinib. The scale bars show the 
log2 SILAC ratio of phosphorylation (resistant/sensitive). Phosphosites in red are 
hyperphosphorylated and the ones in blue are hypophosphorylated in the resistant cells. 

Fig. 7. In vitro and in vivo sensitivity of osimertinib-resistant cells to dactolisib, a 
PI3K/mTOR inhibitor and VX970, an ATR inhibitor. (A) Drugs predicted to overcome the 
drug resistance by NIH LINCS Program. (B) EC50 of dactolisib shows the efficacy of dactolisib in 
circumventing osimertinib resistance. (C) EC50 of VX970 shows the efficacy of VX970 in 
circumventing TKI resistance. (D) Dactolisib in combination with osimertinib inhibits tumor 
growth of H1975-AZR3 xenografts in vivo. 

 

Fig. S1. Histograms of the Log2 SILAC ratios between resistance and sensitive cell lines with 
DMSO or drug treatment of (A) total proteins and (B) phosphorylation sites.  
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Fig. S2. Significant alterations in protein and phosphopeptide abundance in TKI-sensitive 
and resistant cells. (A) Bar graphs represent number of proteins (left panel) and phosphopeptides 
(right panel) with statistically significant alteration in abundance between TKI-sensitive and 
resistant cells. (B) Venn diagrams showing the number of proteins (left) and phosphopeptides 
(right) whose abundance changed significantly between TKI-sensitive and resistant cells in 
presence or absence (DMSO) of corresponding TKI. Selected proteins or phosphopeptides with 
increased (red) or decreased (blue) abundance in the resistant cells are listed, that include kinases 
and phosphatases.  

Fig. S3. Volcano plots of the (A) total proteins and (B) phosphorylation sites between 
resistance and sensitive cell lines with drug treatment. X-axis is Log2 SILAC ratio; y-axis is –
Log10 p-value. Proteins and phosphosites with significant regulation are highlighted in red (up) or 
blue (down).   

Figure S4. Hierarchical clustering of significantly altered abundances as reflected by the 
SILAC ratios (TKI-resistant/sensitive) of kinases (A) and phosphatases (B) in presence and 
absence (DMSO treatment) of respective TKI (Left, osimertinib; Right, rociletinib). Columns 
represent different cell lines treated as indicated. Rows represent quantified kinases or 
phosphatases significantly altered in at least one column. 

Figure S5. Hierarchical clustering of significantly altered phosphopeptides based on the 
SILAC ratios of phosphorylation (TKI-resistant/sensitive) of kinases (A) and phosphatases 
(B) in TKI-resistant cells with/without drug treatment (Left, osimertinib; Right, rociletinib). 
Columns represent different cell lines treated as indicated. Rows represent quantified phosphosite 
containing phosphopeptides with significantly altered phosphorylation in at least one column. 

Figure S6. Canonical pathways enriched in (A) osimertinib and (B) rociletinib resistant cells, 
identified using IPA analysis of genes with significantly altered phosphorylation in specific 
phosphopeptides. 

Figure S7. Potential phosphatases upstream of differentially phosphorylated targets in TKI-
resistant cells. Upstream phosphatases of significantly altered phosphopeptide substrates 
identified using IPA analysis in (A) osimertinib and (B) rociletinib resistant cells. (C) Network 
connecting phosphosites that are significantly altered in TKI-resistant cells to their experimentally 
validated phosphatases obtained from the human DEPhOsphorylation Database (DEPOD) . 
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