
Supplementary Materials and Methods
NSCLC tumor samples

Ninety resected tumor samples from NSCLC patients were collected at the Erasmus MC between 1992 and 2004. Tissues were collected and studied under an anonymous tissue protocol approved by the medical ethical committee of Erasmus University Medical Center Rotterdam.

Histopathological analysis
All tumor samples were independently reviewed by two pathologists. The dominant molecular characteristics of tumors were also verified by histology gene signatures established in the previous study 1. According to the molecular level classification, the cohort included 44 ADC, 27 SCC, and 19 LCC, including 4 CAR. Patient and tumor characteristics are described in the previous study 1 and a summary is listed in Supplemental Table 1 (Supplemental Digital Content 1).

Validation microarray data sets
Two additional NSCLC microarray datasets were employed in this study to verify the identified gene predictors. One data set contained 25 NSCLC cell line and the other contained 96 primary NSCLC cases from Duke University. The validation cell lines and tumors were transcriptionally profiled with Affymetrix U133 Plus 2.0 arrays and the complete microarray data sets were accessible in the GEO database (GSE8332 and GSE3593). The sensitivity of the NSCLC cell lines to Pemetrexed was tested in vitro using a standard MTT colorimetric assay quantifying the amount of viable cells and the response data was published before by Li et al 
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 or in the DTP databse (http://dtp.nci.nih.gov).
Microarray preparation and data analyzing
RNA from frozen tumor tissues was isolated and processed according to the standard protocol for Affymetrix U133 Plus 2.0 arrays. The details of microarray data processing and normalization are as described previously 1. Microarray data are available at the Gene Expression Omnibus (GEO) of the NCBI (GSE19188). Microarray data was normalized by RMA algorithm. RMA (Robust Multi-Array average) is an integrated algorithm comprising background adjustment, quantile normalization, and expression summarization by median polish 3. The intensities of mismatch probes were ignored due to their spurious estimation of non-specific binding. The intensities were background-corrected in such a way that all corrected values must be positive. The RMA algorithm utilized quantile normalization in which the signal value of individual probes was substituted by the average of all probes with the same rank of intensity on each chip/array. Finally Tukey’s median polish algorithm was used to obtain the estimates of expression for normalized probe intensities. Intensities of probe sets lower than 30 were reset to 30. Probe sets were involved in further analysis only if their expression levels deviated from the overall mean in at least one array by a minimum factor of 2.5, because the remaining data were unlikely to be informative. The result was that 43,160 probe sets were eliminated, and 11,515 probe sets remained for further analysis.

Unsupervised clustering and Novel grouping of NSCLC

Omniviz software (Omniviz, Maynard, MA) was used to measure the similarities in expression profiles among samples 1. The samples were ordered so that those sharing strong similarities were arranged together into clusters. The clusters and the individual samples within the clusters were sorted in such a manner that the more similar subjects were more closely positioned in the visualization matrix. Six distinct NSCLC clusters were identified by gene expression profiles, as described in 1.

Validation microarray data sets from public resources
NSCLC cell lines were transcriptionally profiled by Affymetrix U133 Plus 2.0 array (GSE8332). The sensitivity of these NSCLC cell lines to Pemetrexed was tested in vitro using a standard MTT colorimetric assay via quantifying the amount of viable cancer cells.

A set of 96 primary NSCLCs were profiled by Affymetrix U133 Plus 2.0 array (GSE3593), and the complete microarray data was downloaded from http://data.genome.duke.edu/LungPotti.php.
The expression of relevant probe-sets/genes of interest was directly retrieved from Gene Expression Omnibus (GEO) database (NCBI) using a script written in MATLAB.
Scoring formula using Internal Reference Genes
The expression of genes encoding Pemetrexed targets measured by microarray was employed to classify NSCLC to different response groups. The schemes predicted tumor response utilizing the expression of TYMS, the major target of Pemetrexed, alone firstly, and then the expression of all 3 targets, TYMS, DHFR, and GART. 

1. Internal Reference Genes (IRG)

To be less prone to cohort-inherent and technical variability, the methodology was adjusted to be individually determinant, the expression level of TYMS genes was scaled relative to a set of reference genes from the same microarray – internal reference probes/genes (IRG).

To define IRG, we firstly selected top 100 probe sets which showed a constant expression under various conditions. The constant expression of those probe sets was confirmed by an independent data set (Duke University cohort), which contained a similar number of NSCLC samples (n = 96). To be applicable in future for different platforms or different generations of the same platform, the presence of these probe sets on U133 set of Affymetrix chips was verified as well. The average expression of 11 probe-sets was used as the final set of internal references to determine the relative expression of genes of interest. 

2.  Percentile rank-based definition

· Responder: none of the probe-sets/genes showed an expression above the 60th percentile of that population; in case all 3 target genes (14 probe-sets) were used, less than 3 probe-sets had expression intensity above the 60th percentile of the population studied.

· Non-Responder: at least 2 out of 3 probe-sets/genes presented an expression higher than 60% of studied population; or 6 out of 14 in cases where all 3 targets were counted.

· Medium sensitive patients: failed to fall into neither Responder nor Non-responder category.
All calculations were performed in MATLAB.
GO term based enrichment analysis
Probe-set identifiers or gene symbols were used to retrieve functional annotation in terms of biological process (BP) and molecular function (MF) from Gene Ontology for the identified signature genes. Genes/probe sets which were not annotated in GO knowledge base were excluded from further analyses. Mapped BPs and MFs were subjected to enrichment analysis to determine functional categories significantly overrepresented than random chance (DAVID) 4. The reference background used was the human genome. 
The occurrence of gene members belonging to a certain GO category from the input gene list was compared to that from the gene population. For instance, 10% of input genes may belong to a GO category, while in the human genome, the enrichment of that GO category is 0.17% (50 out of 30,000 genes). The enrichment score was calculated based on the ratio of two enrichments, and the significance, enrichment p-value, was calculated using Fisher’s exact test. Multiple test correction was controlled using false discovery rate (FDR) from the Benjamini–Hochberg method.
A rarely reported problem with GO term-driven analyses is the inheritance of genes in an ancestry classification system. For instance, genes are repetitively assigned to categories, from ancestor to descendants. In this study, a methodology is proposed to address this problem. First, all possible relationships between any two GO categories are identified and recorded in a matrix (MATLAB). Second, existing ancestor and subordinate categories are tagged. Then the relationship of all enriched GO categories is visualized in a diagram. The selected biological processes are condensed into classes by clustering related GO terms on the basis of interrelationship among processes in a network context. Then categories with a common ancestry are linked in a hierarchical tree. In subsequent analyses, all subordinate categories are combined to the highest level ancestor category to avoid the redundant counting of enrichment genes. 
Analysis using other pathway knowledge databases
All identified differentially expressed genes were also mapped to other knowledge databases, including Ingenuity knowledge database (IPAD) which contains well-characterized metabolic and cell signaling pathways collected from journal articles, KEGG, BioCarta, and PANTHER databases (http://www.ingenuity.com). All mapped genes were used to generate probable molecular networks based on their connectivities illustrated in the knowledge database 
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. Any achieved biological networks and associated genes were subjected to Fisher’s exact test to determine the probability of random assignment in terms of p-value. The association between the genes and the pathways was also demonstrated by a ratio of the number of mapped genes divided by the total number of genes present in the corresponding pathway. The determination of significantly associated functional networks was made according to the rank of calculated p-values, and the top five networks were chosen. 

Supplementary Results
Individual novel groups characterized by unique gene markers

A total of 964 probe sets characterizing each of the six subgroups were identified by supervised analyses. Genes assigned to multiple groups were excluded, and an optimized signature of 126 probe sets was derived (Supplemental Table 3, Supplemental Digital Content 1). As a result the percentage of correct classification decreased from 98% to 91%. Among these genes, pneumotype II cell specific markers surfactant proteins (SFTP) were highly expressed by tumors in G4, G5, and G6, while other groups were SFTP-negative.
Pathway profiles of novel groups

Pathway analysis revealed that distinct biological processes were characteristic for each group. G5 (CAR) was characterized by neuronal signaling pathways. G1 and G2 were associated with focal adhesion and cell adhesion processes respectively, confirming that groups with similar histological composition differed functionally in molecular processes (Supplemental Table 2, Supplemental Digital Content 1). This indicates that different oncogenic mechanisms may be operational in NSCLC, and that these are unrelated to histology as such. 

We conclude that the newly identified subgroups of NSCLC have distinct molecular characteristics that go beyond the traditional histopathological classification.

Distinct molecular characteristics of SCC NRs
Gene expression stratified SCCs in G3 into two putative groups differing in Pemetrexed responsiveness. The putative SCC NRs presented higher expression of TP53 and higher activity of TP53-associated signaling pathway than putative Rs in this group. In addition to the TP53 signaling pathway, predicted SCC NRs differed in the expression of ABCC1 and FLOR2 from predicted SCC Rs, with a 1.47- to 1.79-fold differential expression in putative NRs (supplemental Figure 7, Supplemental Digital Content 9).
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Figure legends 
Supplemental Figure 1  Deregulated pathways in predicted Pemetrexed resistant NSCLC compared to predicted sensitive NSCLC identified by a global functional analysis.
A global functional analysis revealed that relevant pathways, TP53 signaling, pyrimidine metabolism, and EGFR signaling pathway, are similarly deregulated in primary NSCLCs, EMC cohort (A) and Duke cohort (B). The values on the X-axis are calculated enrichment scores, the degree of over-representing of genes from a specific function category in NR compared to R. TP53: TP53 signaling pathway; Pu: purine metabolism pathway; Py: pyrimidine metabolism pathway; EGFR: EGFR signaling pathway; Pem: Pemetrexed metabolism pathway; Target: expression of three Pemetrexed targets.
Supplemental Figure 2  Correlation of TYMS mRNA and protein expression.
TYMS protein staining in TMA was quantified and graded from 0 to 2 (Staining Score), mRNA expression measured on microarrays was represented as mean of two probe sets for TYMS. Staining for TYMS protein was performed at two different titers, 1:10 (A) and 1:50 (B). The samples were grouped according to the predicted response to Pemetrexed, non-responder (NR) and responder (R).
Supplemental Figure 3  Utility of routine IHC markers to classify NSCLC
The expression of eight IHC markers in 68 NSCLC samples and 2 normal lung tissues (G0) was detected by TMA and used for cluster analysis. High staining is shown in red and low staining is shown in green. Failed IHC staining is shown in purple. NSCLC cases are annotated with gene signature-assigned subgroup (G1 to G6), histology (ADC, LCC, SCC), and pathological stages (I to IV) (Table S7).
Supplemental Figure 4  Deregulated functional pathways in G4 NSCLC.
A part of deregulated pyrimidine metabolism pathway in G4 NSCLCs compared to other Groups. The colours indicate the differential expression: over-expression (red) and under-expression (green). Novel groups are identified in both Erasmus MC (A) and Duke (B) NSCLC cohorts
Supplemental Figure 5  EGF pathway and its correlation with putative Pemetrexed response in NSCLC.
The relative expression of genes in the EGF signalling pathway in a subset of NSCLC –G4, from Erasmus MC cohort (A) and Duke cohort (B). Upregulation, in comparison between G4 and non-G4, of gene expression is shown in red and downregulation is shown in green.

Supplemental Figure 6  Differentially activated pyrimidine and histidine metabolism associated with putative Pemetrexed resistance.
Pyrimidine metabolism is more activated and histidine metabolism pathway less activated in G4 NSCLCs compared to other neuroendocrine tumors in G6. The expression status of involved genes is indicated by the different colors, red: high expression; blue: low expression. 
Supplemental Figure 7  Differential expression of genes associated with Pemetrexed metabolism in SCC.
ABCC1 and FOLR2 are differentially expressed in predicted Pemetrexed-resistant SCC cases versus predicted Pemetrexed-sensitive SCC cases.
Supplemental Figure 8  Proposal for evaluation of putative responsiveness to Pemetrexed therapy.
The flowchart shows the proposed procedure to identify sensitive and resistant NSCLC to Pemetrexed using routine histopahtological markers. (A) Staining for TP53 and EGFR stratifies G3 NSCLCs with respect to predicted Pemetrexed sensitivity. Negative staining for TP53 and EGFR predict good response to Pemetrexed. In contrast, positive staining for both TP53 and EGFR predict Pemetrexed resistance in G3 NSCLCs. (B) Resistant NSCLCs in G4 might be predicted by strong staining for TP53 and/or EGFR, or neuroendocrine markers. However, high expression of TP53 or EGFR and other neuroendocrine markers do not predict poor response to Pemetrexed for the NSCLCs in G1 or G6.
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