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Summary

Lung adenocarcinomas (LUAD) are a pressing global health problem with enduring lethality and
rapidly shifting epidemiology. Proteogenomic studies integrating proteomics and post-translational
modifications with genomics can identify clinical strata and oncogenic mechanisms, but have
been underpowered to examine effects of ethnicity, smoking and environmental exposures,

or sex on this heterogeneous disease. This comprehensive proteogenomic analysis of LUAD
tumors and matched normal adjacent tissues from 406 patients across diverse geographic and
demographic backgrounds explores the impact of understudied driver mutations, prognostic role
of chromosomal instability, patterns of immune signaling, differential and sex-specific effects of
endogenous mutagens and environmental carcinogens, and pathobiology of early-stage tumors
with “late-like” characteristics. Candidate protein biomarkers are proposed for unstable tumors
with highly fragmented genomes and for carcinogen exposures, and a LUAD subtype-specific
atlas of therapeutic vulnerabilities is presented. These observations and the associated data
resource advance the objective of precision management strategies for this devastating disease.
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Satpathy et al. conduct a proteogenomic analysis of 406 lung adenocarcinoma tumors across
diverse demographics revealing oncogenic mechanisms, the prognostic role of chromosomal
instability, immune signaling patterns, sex-specific carcinogen effects, and early-stage tumors
with “late-like” traits. These biomarkers and subtype-specific therapeutic atlas advance precision
strategies for this lethal disease.
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Introduction

Lung adenocarcinomas (LUAD), the most prevalent subtype of non-small cell lung

cancers (NSCLC), represent a significant global health challenge with marked geographical
and epidemiological diversity in incidence and disease progression’. Despite advances

in targeted therapies and improved diagnostic techniques, LUAD continue to exhibit

high mortality rates?, underscoring the need for deeper understanding of their molecular
underpinnings across diverse populations.
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Building upon foundational knowledge of LUAD genetic and transcriptional alterations3-9,
recent proteogenomic studies have helped functionalize genomic aberrations by integrating
expression of proteins and their post-translational modifications (PTMs) with genomic

and transcriptomic datal%-15, Collectively, these studies have probed the tumor immune
microenvironment (TIME)28, refined molecular subtypes, identified pathways associated
with poor prognosis, helped illuminate biology of ALK fusions, examined the impact of
specific carcinogens, and identified candidate drug targets.

Despite these advances, many important gaps in our understanding of LUAD biology
remain. EGFR mutations are among the best-studied LUAD alterations and provided an
early molecularly-targeted therapeutic success story®:17, but the proteogenomic correlates of
specific driver mutations (e.g., L858R and £19del) and co-mutations remain underexplored,
and the comparative inefficacy of immunotherapies in that population® invites scrutiny.
Incidence and outcome differences between males and females'924 or across races

and ethnicities?®>=27, even when controlled for smoking behavior or driver mutation, are
poorly understood. Complex interactions among genetic ancestry, somatic mutations, and
environmental exposures may underlie the observed clinical and molecular heterogeneity of
LUAD?8.29, Disparate outcomes amongst patients with early-stage disease call for improved
stratification1:30,

Challenges with the acquisition of high-quality specimens suitable for proteogenomic
analysis, together with the cost and complexity of data generation, have limited the numbers
of patients in comprehensive studies. Those focused on comparatively uniform cohorts are
unsuitable for comparisons across important disease-modifying demographic variables!1-13,
while those with greater diversity in ethnicity, smoking status, or sex can be statistically
underpowered for subgroup analyses1®. Here we present a proteogenomic analysis of LUAD
involving tumors and normal adjacent tissues (NATs) from 406 treatment-naive patients
from North American, Eastern European (collectively “Western”/Caucasian), and Asian
cohorts, broadly spanning smoking status, sex, and age. While we have hewed to established
categorical frameworks for some our analyses (e.g. mutation-specific designations), a
detailed and systematic examination of geographic origin, genetic ancestry, health behaviors,
environment, and sex on oncogenesis and disease progression mandated greater flexibility
in others. These cohorts enhance the generalizability of our findings and identify region-
specific and exposure-related molecular signatures that could guide personalized diagnostic
and therapeutic strategies.

Proteogenomic characteristics of the ICPC-CPTAC LUAD cohort

The U.S. National Cancer Institute (NCI)’s Clinical Proteomic Tumor Analysis Consortium
(CPTAC) and the Taiwan Cancer Moonshot team under the International Cancer
Proteogenome Consortium (TW-ICPC) previously undertook separate analyses of distinct
LUAD patient cohorts with diverse demographicsi0-1, The published CPTAC cohort
(“CPTAC.A”) included Western and Asian smokers, former smokers, and never-smokers
enriched for KRAS or EGFR mutations, respectively. In contrast, the TW-ICPC study
focused on never-smoking Taiwanese LUAD cases, primarily females with tumors featuring
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EGFR mutations (“ICPC.A”). Here, we present a joint analysis of these published cohorts
plus additional cases from each team (“CPTAC.B” and “ICPC.B”). This large and diverse
LUAD proteogenomic cohort includes 406 LUAD tumors and 388 matched NATS. The
sample size allowed the exploration of features enriched across or within each of the cohorts
at unprecedented granularity (Figure 1A, Table S1).

Proteogenomic data generated for all cohorts included copy number aberrations (CNA),
somatic and germline mutations, transcriptomics, global proteomics, and phosphoproteomics
(Figure 1A, Table S1-2). DNA methylation, acetylproteome, and ubiquitylproteome data
were available exclusively for the CPTAC cohorts. N-linked glycosylation searches and
potential site-specific carbohydrate composition were performed on the global proteomics
data for the CPTAC.B cohort (Glycoproteome) (Figure 1A, Table S2). A schematic
describing the strategy used to combine the common omics types between cohorts is shown
in Figure S1A, with its effects examined in Figure S1B, C.

The oncoplot emphasized the expected mutual exclusivity of known oncogenic alterations
involving RAS/RTK pathways and a wide range of co-mutations including tumor suppressor
genes such as 7P53, STK11, RBM10, and CDKNZA (Figure 1B). A cell of origin analysis
based on cell phenotypes identified AT2 and Club cells as enriched in EGFR, RASand
RAFfamily mutated tumors, in contradistinction to a small subset of lung squamous

cell carcinoma (LSCC) samples (n=14, otherwise excluded in this study), which showed
enrichment of basal cells as expected (Figure 1C, Table S3). Intriguingly, RTK-altered cell
lines for which a cell of origin could not be determined exhibited poorer responses to
targeted therapies compared to lineage-specific or cell type-enriched counterparts (Figure
S1D, E). This heterogeneity in therapeutic response underscores potential differences in cell
transcriptional states.

Non-negative matrix factorization (NMF)-based multi-omics clustering defined four tumor
clusters (Figure 1D) characterized by differential enrichment of clinical and biological
annotations and molecular features, as summarized in Figures 1E—F. Samples in Cluster 1,
“Unstable Proliferative (UP)”, exhibited evidence of genomic instability and a signature
commensurate with high proliferation. Cluster 2, “Quiescent EGFR, (QE)”, displayed
downregulation of several pivotal carcinogenic pathways and enrichment of £EGFR mutants.
Cluster 3, “Immune Active KRAS, (IAK)”, demonstrated upregulation of immune signaling
pathways and enrichment of KRAS mutants. Lastly, Cluster 4, “Stable Early Stage

(SES)”, exhibited notable enrichment of early-stage and genomically stable tumors. The
multi-omics clusters derived from this combined cohort were compared to transcriptomic
subtypes derived from TCGA LUAD studies3® (LUAD Subtype and TCGA Subtype,
respectively) as well as to multi-omics clusters previously derived by CPTAC10.11
(CPTAC.A C1-C4) (Figures 1D, S1F). While the ICPC-CPTAC cohort is unique in the
diversity of its demographics, some biological signatures were conserved across cohorts.
For example, the IAK cluster was enriched for LUAD Subtype S3 and TCGA Subtype
proximal_inflammatory and correlated well with CPTAC.A C1, all of which showed strong
positive enrichment for immune signaling. In addition, the SES cluster was enriched for
LUAD Subtype S5 and TCGA Subtype terminal_respiratory_unit and correlated well with
CPTAC.A C4, all of which exhibited negative enrichment of cell cycle-related pathways.
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NMF-based clustering was also performed in the space of individual -omes, including
RNA, protein, phosphoprotein, and gene-level CNA. The proteome clustering (NMF

Prot Consensus, Figure 1D) was noteworthy, stratifying patients into three clusters (C1-
C3) associated with distinctive clinical and phenotypic features, including enrichment in
proteome Cluster 2 of genomically unstable, immune “hot” tumors in patients with worse
performance status and outcomes (Table S1). Sankey plots (Figure S1G) show the overall
relationship between the multi-omic NMF clusters and individual omic-based clusters, with
IAK only fully defined upon multiomic integration.

Biological impact of less frequent genetic events such as RBM10 mutation and ALK

fusions

The large size of the combined LUAD cohort allowed us to investigate the proteogenomic
consequences of comparatively uncommon co-mutations and driver events including
RBMI10mutations (n=46) and ALK fusions (n=17). Unlike prior studies in smaller and less
diverse cohorts, RBMI0mutations were not mutually exclusive with mutations in 72531
or associated with male sex (Figure S2A,B), but truncating mutations were associated

with proteomics-driven downregulation of spliceosome-related pathways (Figure 2A, S2C—
E). Modulation of splicing kinases CLK1-3 and SPRK2,3 and phosphorylation-driven
upregulation of EGFR, NOTCH and KIT receptor signaling were observed (Figure 2B).
Downregulation of the spliceosome in KBM10-mutated samples stands in contradistinction
to its upregulation in many cancers32, and may confer dependency-associated sensitivity to
spliceosome inhibition in the context of EGFR mutation3l. Consistent with the observed
metabolic alterations (Figure 2A), Hexokinase 2 (HK2), the enzyme catalyzing the first-step
of glycolysis33, was markedly upregulated in RBM10/EGFR co-mutated samples (Figure
2C, Table S3) while protein expression of SF3B1 was largely unchanged, suggesting that
sensitivity to spliceosome inhibition might not be due to activity of the SF3B1 complex31.
Finally, we observed significant upregulation of neutrophil degranulation (ND) signatures
(p=0.0004, Wilcoxon test) in the EGFR-L858R subset with RBM10 co-mutation (Figure
S2F, G). ND, observed at both the RNA and protein levels, was validated in both an
additional patient dataset3* and an Rbm10 knockout mouse model3! (Figure S2H and 1),
providing further evidence for de novo ND upregulation in co-mutated £EGFR-L858R and
RBMI101LUAD. RBM10 deficiency has been associated with resistance to EGFR inhibitor
therapy3®; our data suggest that the functional consequences of RBM10 alterations extend
to the immune microenvironment, with potential implications for cytotoxic and immune
checkpoint inhibitor therapies.

Unlike RBM10, EGFR, and KRAS mutations, fusions associated with the receptor tyrosine
kinase ALK are relatively uncommon but targetable LUAD driver events found largely

in never-smokers. As constitutively activated ALK is both ectopic at the tissue level and
mislocalized at the cellular level in ALK fusion-driven LUAD36, phosphoproteomics affords
a unique opportunity to expose oncogenic biology. Increased phosphorylation of specific
tyrosine () residues on proteins including SND1, EML4, HDLBP, LHDA, ARHGEF5,

and PIK3R1, which we previously reported for ALK fusion-positive CPTAC.A LUAD
samplesl®, was confirmed in the combined LUAD cohort (Figure 2D, Figure S2J, Table S3).
To assess the functional significance of these observations, we performed kinase inhibition
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experiments in cell lines with ALK fusions or kinase driver mutations (FGFR/2, KRAS,
PIK3CA) and examined ALK-associated pY sites by mass spectrometry. Treatment of ALK
fusion-driven cell lines with ALK inhibitor, but not other kinase driver/inhibitor-matched
treatments, resulted in significant downregulation of ALK-associated pY (Figure 2E),
supporting their dependency on ALK. Peptide pull-down assays in lysates from EML4-ALK
fusion-driven cell lines that used phosphorylated forms of the peptides as baits led to
recovery of ALK as well as many proteins previously implicated as ALK interactors, such

as PTPN11 and SND1 (Figure 2F). Altogether, these experiments confirm that ALK fusions
promote a cascade of defined phosphorylation events that facilitate key protein interactions.

Functional status of post-translational modification sites may be supported by clustering
on protein structure

PTMs, like mutations, can dramatically alter proteoform diversity and impact cancer
biology37-39. Aggregated PTMs can potentially exert a stronger biological impact, or
indicate sites of functional importance, especially when superimposed on protein structure.
To identify clusters of correlated PTMs within protein 3D structures, we applied CLUMPS-
PTM3? (Table S3). In pairwise comparisons of tumors vs NATs, smokers vs never-smokers,
and £GFR mutated vs WT tumors (Figure 2G), 32 proteins exhibited significant clustering
of phosphosites, acetylsites, or ubiquitylsites (adj. p<0.1, Figure S2K). Within EGFR
mutated and WT tumors, HSPB1, a small heat shock protein, emerged as a top hit (Figure
2H). Differential phosphorylation at HSPB1 S78 and S82 facilitates physical interactions
with other proteins, including AKT1, leading to their phosphorylation and triggering an anti-
inflammatory response by promoting neutrophil apoptosis®. Accordingly, increased HSPB1
phosphorylation was observed at sites S82/S83 in the Eosinophils/Endothelial (E/E) immune
subtype, which was relatively depleted of neutrophils and enriched for EGFR mutations
(Figure S2L). We also observed higher AKT1 protein in EGFR mutated samples (Figure
2H, right panel). Clusters of acetylation sites were observed in EP300, a well-defined tumor
suppressor and histone acetyltransferase (Figure S2M). In tumor vs NAT comparisons,
increased acetylation was observed at known EP300-activating sites K1546, K1549, K1554,
and K1555. This increase correlated with elevated N-terminal acetylation of H2A and H2B,
substrates regulated by CBP/EP300, which serve as markers for active enhancers—key
elements whose aberrant activity in driving cancer progression is well-documented across
multiple cancer types#1:4243, Protein acetylation can also have important implications for
cancer metabolism, as reflected in the differential acetylation of MDH1, which supports
glycolysis in tumors by producing metabolites such as NAD+ and malate** (Figure 2I).
Lysine residues K328, K329, and K335 on MDH1 are known ubiquitination sites suggested
to stabilize and enhance enzyme activity when acetylated*®. We identified a cluster of
acetylsites on SMC3, known to regulate double-strand break (DSB) repair and maintain
genome integrity through an ATM-ESCO2-SMC3 axis*®. Consequently, we examined the
correlation between protein abundance and genome stability. Significant correlation was
seen between the principal acetylation sites K105/K106 and genomic instability (Figure
S2N, second panel). A similar acetylsite-specific association between instability and
complex member SMC1A (Figure S2N) further underscores the functional insights gained
exclusively from PTM analysis. Finally, ubiquitylsite clustering occurred directly within the
proteasome domain of PSMAS, a 20S core proteasome subunit (Figure 2J). Ubiquitylation
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at K187, K192, K196, and K203 suppresses proteasome activity*’. PSMA5 promotes tumor
progression and correlates with poor prognosis8; its expression was significantly increased
in NMF protein-based cluster C2, which included the highest percentage of patients with
late-stage tumors and worse survival (see “Proteomic Clustering ldentifies Early-Stage Late-
Like LUAD Subtype”, below).

Genome contiguity combined with Breakage Intensity Clustering is prognostic in LUAD

Chromosomal instability (CIN) is a hallmark of cancer onset and progression®?. In
concordance with previous studies®?, we found that common measures of CIN, such as the
weighted genome instability index (WGI1°1) (Figure S3A), fail to stratify LUAD outcomes.
These metrics primarily quantify genomic imbalance (aneuploidy) instead of degree of
fragmentation (contiguity), the latter being reflected in genomic segment lengths. We
examined genome contiguity through segment length distributions and identified the 75th
percentile of this distribution (SegLen-Q3) as a proxy for the presence of long segments,
using segment length to categorize samples into fully stable, partially stable, or unstable
(Figure 3A, Table S3). SeglLen-Q3-based classification was associated with overall survival
(OS) (p<0.02) (Figure 3B). This association was validated in multiple independent cohorts
across a range of cancers (Figure S3B-D). Unstable tumors showed focal amplifications of
TERT, NKX2-1and MYC along with expected increase in structural variants (Figure 3C,
Figure S3E,F), with TERT amplifications being also associated with OS (Figure S3G-1).

The distribution of segment lengths is determined not only by the number of genomic
breakpoints in a sample, but also their genome-wide arrangement, i.e. whether they tend

to cluster together resulting in a few long and many short segments or disperse, resulting

in most segments being of average length. Accordingly, we independently estimated the
intensity (int) and clustering (clust) of genome breakage by applying the theory of spatial
point processes®2:53 to develop the Breakage Intensity Clustering (BIC) metric (STAR
Methods). Classification of tumors along these two parameters (Figure 3D) identified
patient strata with exceptionally good (BIC-contiguous), typical (BIC-fragmented), and poor
(BIC-intense) survival (Figure 3E). The BIC classification uniquely identified tumors where
significant breakage was localized to small genomic regions (Figure S3J).

We noted that focal NKX2-1 amplifications were largely restricted to BIC-intense tumors
(Figure 3C), with a significantly higher proportion of BIC-intense tumors (10%; Figure

3F) compared to other BIC groups. The amplifications were associated with a significant
increase in NKX2-1 RNA (p<1.5e-5) and protein expression (Figure S3K). We also
observed complete transcriptional silencing of NKX2-1 (null expression) in a subset of
BIC-intense and BIC-fragmented tumors (Figure 3F), associated with increased methylation
of the NKX2-1 promoter in fragmented NKX2-1 null tumors. Unexpectedly, both NKX2-1
amplification and silencing were associated with higher proliferation (Figure 3G). Tumors
that lost NKXZ2-1 also lost their alveolar cell identity as measured by both inference of
transcriptional programs (Figure 3H) and expression of the marker gene Napsin A (NAPSA)
(Figure S3L). Conversely, NKX2-1 amplified tumors maintained their lineage and NAPSA
expression (Figure S3M) while acquiring a high proliferative index (Figure 3G). Tumors
without NKX2-1 expression had a significant upregulation of cancer testis antigens, such as
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TESMIN, MAGEA, and MAGEA12, and markers associated both with LUAD progression
and squamous differentiation, including KRT6A and KRT16 (Figure S3M).

IGF2BP3 is a robust biomarker of genome fragmentation and predicts immune checkpoint
inhibitor response

Recent therapies targeting dependencies of chromosomally unstable tumors®*2° provide
strong rationale for the development of robust instability biomarkers. Genomic diagnostic
methods based on WGS are challenging in the clinical setting due to cost, sample
availability, and turnaround time. After an unsuccessful attempt to train deep-learning
models to identify instability based on H&E images®® (Figure S3N), we pursued proteomic
biomarkers as a clinically accessible alternative. By comparing fragmented with other
cancer genomes (Figure 31, Table S3) we identified bona fide oncogene IGF2BP3%7 as

a lead candidate biomarker associated with genome instability (FC: 1.50, adj. p<0.009).
We optimized an immunohistochemistry (IHC) assay to detect IGF2BP3, which showed
varying staining patterns across the range of genome instability levels, (Figure 3J) with
undetectable expression in fully stable samples. IGF2BP3 IHC was validated on a tissue
microarray featuring independently-collected samples from treatment-naive patients (78
LUAD, 92 LSCC, 69 metastatic LUAD and 60 matched NAT)%8. IGF2BP3 expression

was undetectable in normal lung, elevated in a subset of primary LUAD and LSCC, and
highly elevated in almost all metastatic LUAD (Figure 3K), as well as unstable LUAD from
the ICGC/PCAWG cohort (Figure 3L)%°. Experimental induction of genomic instability
resulted in increased IGF2BP3 protein levels in unstable clones (Figure S30), implicating
IGF2BP3 as a dynamic biomarker of chromosomal instability. The uniformity of cytosolic
IGF2BP3 IHC staining stood in contrast to the patchy staining of cell-cycle dependent
Ki67 protein (Figure S3P). Chromosomally unstable tumors evade anti-tumor immunity
through a plethora of mechanisms®0. We therefore examined whether IGF2BP3 could serve
as a predictive biomarker for immune checkpoint inhibitor (ICI) therapy. Data from a
recent randomized trial that compared ICI to docetaxel in NSCLC62 showed that high
IGF2BP3 expression was associated with worse outcomes for patients treated with ICI
(Figure 3M, p=0.013), but not docetaxel (Figure S3Q), regardless of PD-L1 (CD274)
expression (Figure 3N). High expression of IGF2BP3 associated with genome instability
appears to be triggered by loss of promoter methylation (Figure 30). The most aggressive
BIC-intense tumors are characterized by increased frequency of 7P53and EGFR mutations,
whole-genome doubling (WGD), and 7TERT amplifications. BIC-intense tumors were only
modestly associated with clinical stage or smoking status (Figure S3R) and had fewer KRAS
mutations (Figure S3S).

Altogether, these data identify genomic fragmentation as a prognostic and putative
predictive hallmark of LUAD, and highlight divergent, NKX2-1-dependent and
-independent evolutionary trajectories towards acquisition of aggressive cellular phenotypes.

Differential immune signaling and inferred transcription factor and kinase activity in Hot
and Cold LUAD tumors

Therapeutic successes with immune modulation have transformed oncology treatment, but
many cancers, including EGFR-mutated LUAD, remain recalcitrant to immunotherapy.
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To deepen our understanding of immune context and immunobiology, we performed
deconvolution analysis by integrating proteomic and gene expression data for 406 tumors
and 388 matched NATs82. To inform the deconvolution, we leveraged a comprehensive
database of single-cell RNA data containing ~1 million cells from ~180 LUAD (STAR
Methods, Table S4). Using a classifier based on pan-cancer RNA and proteomic data%2, we
allocated LUAD samples into 5 immune subtypes: CD8+/IFNG+, Eosinophils/Endothelial
(E/E), Fibroblast/TGFBeta, CD8—/IFNG+ and CD8-/IFNG- (Figure 4A, Table S4). As
expected, samples in CD8+/IFNG+ were enriched for CD8* and CD4* T cells and showed
activation of interferon gamma signaling, which was also observed in CD8-/IFNG+ (Figure
4B). The EGFR signaling pathway was upregulated in CD8+/IFNG+ (Figure 4B). Samples
in E/E were enriched for fibroblasts, reflecting their stromal cell content, and associated with
low smoke-exposure scores and low tumor mutational burden (TMB). This subtype was also
characterized by the proteomic upregulation of the “MAPK1/ERK2 activation” signature
and downstream “RSK activation” pathway, a promising therapeutic target in lung cancers®3
(Figure 4B). Both CD8-/IFNG- and CD8-/IFNG+ were associated with the upregulation
of “MYC targets”, “E2F targets”, “DNA repair”, and “Cell Cycle Checkpoint”, suggesting
activation of cell cycle-related pathways in these two immune subtypes.

Tumor cell percentages estimated from CNA and gene expression data were anti-correlated
with immune cell fractions and decreased in highly immunogenic CD8+/IFNG+ tumors
(Figure 4A). Immune subtypes aligned with the RNA-based LUAD classification?, with
CDB8+/IFNG+ enriched in the “Immune Active KRAS (IAK)” cluster (S3) and E/E in RNA
S5 tumors (Figure 4A). We observed an enrichment of CD8+/IFNG+ in the C2 proteomic
cluster (Figure 4A), suggesting that some C2 tumors might benefit from immunotherapy.

Deconvolution analysis of NATs demonstrated a higher infiltration of myeloid cells such

as macrophages and NK cells compared to tumor tissue (Figure S4A). Association

analysis between cell type fractions and mutation profiles revealed that 7253 mutation

was associated with higher presence of CD8" T cells, neutrophils, and dendritic cells (DC)
(Figure S4B), of potential therapeutic relevance given prior reports that CD8" T cells in
TP53-mutated tumors conferred benefits in immunotherapy response®:65. In addition, we
found that EGFR exonl9deland L858R tumors were associated with reduced immune
infiltration in NATS, not seen in the corresponding tumor samples (Figure S4C). This finding
suggests that the poor response of £GFR mutant tumors to immunotherapy®® could be
influenced by the immune environment in NAT. Next, leveraging our phosphoproteomic
data, we performed kinase-enrichment analysis (KEA3)® to derive kinase activation scores
for each patient, and performed association analysis with immune subtypes (Table S4). We
observed higher activation of tyrosine kinases such as HCK, CSK and BTK in CD8+/IFNG+
tumors (Figure 4C). Tyrosine kinases are regulators of signaling in the immune system, with
Src family kinases such as HCK being more active in leukocytes. On the other hand, CD8-/
IFNG+ and CD8-/IFNG— were associated with activation of cell cycle-related kinases such
as CHEK?2, CSNK2A2 and CDKQ, reflecting colder tumor microenvironments. Consistent
with the pathway analysis, we also observed activation of MAPK1 (ERK2) and RPS6KA1
(RSK) in the E/E subtype.
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Since protein kinases serve as cell signaling switches to regulate intracellular programs
such as transcription and translation, we aimed to identify more complete cell-signaling
pathways downstream of the kinases that were differentially activated in Hot (CD8+/
IFNG+) and Cold (CD8-/IFNG-) tumors. To achieve this, we evaluated the co-activities

of inferred kinases and transcription factors (TFs). We analyzed the differentially expressed
mRNAs and phosphoproteins from each patient with TF and kinase enrichment analyses,
respectively. This enabled us to identify modules of kinases that regulate modules of TFs
either positively or negatively in Hot vs Cold tumors (Figure S4F, 4D, Table S4). Two of
the seven kinase modules contained immune-related tyrosine kinases including SYK, LYN,
LCK, and FYN, and two of five TF modules were enriched for immune-related TFs such
as RUNX3, FOXP3 and STAT4, which appeared downregulated in Cold tumors (Figure
S4F). In contrast, a cell-cycle related kinase module containing CDK1/2 and AURKB was
associated with upregulation of an immune TF module only in Hot tumors (Figure S4F).
Another module, enriched for kinases related to focal adhesion, including MAPK8/12,
MAP2K1, PTK6, TESK2, and IGF1R (Enrichr®8), was downregulated in Hot tumors, in
contrast with the aforementioned immune-related TF modules (Figure 4D). Inhibition of
focal adhesion was associated with increased immune infiltration and Cold-Hot transition
in a KRAS/STK11 co-mutated mouse model of lung adenocarcinoma®®. This suggests that
targeting the kinases in this module may shift the tumor microenvironment toward a more
permissive phenotype. This association was validated using the LINCS L1000 dataset, a
resource that profiled gene expression changes in human cancer cell lines after the CRISPR
knockouts of ~8,000 single genes and ~30,000 chemical perturbations with small molecules
and drugs’0. Specifically, we examined genes that were upregulated following the CRISPR
knockout of kinases in the Focal Adhesion module and confirmed that this set of upregulated
genes significantly overlapped with the Reactome Innate Immune pathway (Innate Immune
System R-HSA-168249) and genes downstream of STAT4 obtained from published ChIP-
seq studies and other sources (Figure 4D).

To infer tumor cell-specific pathway activity associated with Hot/Cold tumors, we
implemented a novel analysis pipeline via BayesDeBulk®2. We found “MTOR Signaling”,
“Signaling by WNT in Cancer”, and multiple metabolic pathways to be upregulated in tumor
cells of Cold tumors based on both RNA and proteome data (Figure 4E, right panels; Table
S4), while “Innate Immune System” and “Signaling by Notch” were upregulated in tumor
cells of Hot tumors based on proteome data. WNT signaling has been associated not only
with tumor development but with the capacity of tumoral cells to evade the host immune
response’L. To validate this pathway activation in tumor cells of Hot and Cold tumors, we
leveraged a scRNA-seq database comprising 33 patients classified with low immune content
(Cold) and 40 patients with high immune content (Hot). As shown in Figure 4E (left panel),
several metabolic pathways and “MTOR signaling” were found upregulated in tumor cells of
Cold tumors based on scRNA-seq data, confirming the findings of our deconvolution tool.
On the other hand, only “Innate Immune Response” was confirmed upregulated in tumor
cells of Hot tumors by scRNA-seq data.

Protein glycosylation, typically enriched in membrane and extracellular matrix proteins, was
analyzed for associations with immune subtypes in LUAD (Table S4, Figure S4B). We
found glycosylation on several proteins including FKBP1072 and PLOD273, which have
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been previously associated with LUAD progression and are members of the collagen 1
proteostasis network’# (Figure S4D and S4E), to be downregulated in the E/E subtype
(Figure 4F). This might be linked to lower neutrophil infiltration of E/E subtype and better
survival (Figures 4G, 4H), as implicated in previous studies’>’6. These findings align with
prior studies on LUAD survival?”:78 and suggest the influence of glycosylation on subtype-
specific outcomes, warranting further investigation.

Context-dependent role of STK11 mutation in LUAD

STK11mutations in LUAD are associated with more aggressive disease and worse
outcomes’9:80, but there are conflicting reports regarding their association with
immunotherapy efficacy8!. Pathway analysis done on significant positive outlier features

in STK11-mutated samples converged on dysregulated metabolic pathways (Figure S4G).
STK11 mutation has been associated with a cold tumor microenvironment in LUAD?0

as well as in pan-cancer immune analysis®2. Surprisingly, in this expanded, multinational
LUAD cohort, only dendritic cell depletion was associated with S7KZZ mutation (Figure
41), while other metrics of an inflammatory TME, such as tumor cell percentage and
immune score, were not. The distribution of S7TKZZ-mutant tumors across immune subtypes
(Figure S4H) invited closer investigation of their heterogeneity, including examination of
concurrent STK11 and KEAPI mutations, previously shown to have unique properties

in LUAD®3:84, STK 11 mutants classified into proteomic C1/C3 clusters were strikingly
different from those allocated to C2 (Figure S41), with C1/C3 STKZI-mutated tumors
having lower wgll, lower TMB, and enrichment for the S5 RNA subtype rather than the
major S4 subtypes as previously proposed®. Proteomic evidence of neutrophil degranulation,
which we previously described as a characteristic of STKZZ-mutated LUAD0, was seen in
STK11I-mutated tumors in the C2 but not C1/C3 clusters.

Several cancer-relevant molecular aberrations were differentially distributed between C1/C3
and C2 STK11-mutated tumors (Figure S41 and S4J, Table S4). C1/C3 samples did not
show significantly more STK11/KEAPI co-mutations (Figure S4J), suggesting differential
mechanisms other than co-mutations83:84. C1/C3 STK11-mutated samples had higher
expression of CD47 (Figure 4J) and a more stable genome, manifested in downregulated
MKI67, CDK1, TOP2A, and IGF2BP3 protein expression (Figure 4K). At the proteome
pathway level, these tumors showed lower neutrophil degranulation and upregulation of
xenobiotic metabolism, heme metabolism, and reactive oxygen species pathways (Figure
S4K). Enhanced NRF2 pathway activity was observed at multiple molecular levels including
PTMs (Figure 4K). STKI1I-mutated tumors with low neutrophil degranulation (C1/C3) had
a ferroptosis resistance phenotype, similar to a recent report®1, reinforced by upregulation of
NEDD4-like E3 ubiquitin protein ligase (NEDD4L) and downregulation of lactotransferrin
(LTF), a novel mechanism limiting ferroptosis®® not observable at the transcriptomics level
(Figure 4K). The ferroptosis protective gene NQO1 has been implicated as a potential target
for cancer therapeutics8. Some cluster-specific differences between S7KZZ-mutated tumors
were shared with STKZZ-WT tumors in the cluster; for instance, neutrophil degranulation
and higher IGF2BP3 expression appeared to be common characteristics of C2 tumors.

By contrast, CD47, NEDD4L and UGDH expression differences were specific for STK11-
mutated tumors independent of NRF2 pathway activity (Table S4). C1/C3 STK11I-mutated
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tumors also showed gastric differentiation markers MUC5AC, GKN2, PGC, and CTSE
expression, and downregulation of IGF2BP3 and EZH2 (Figure S4L, Table S4). This
heterogeneity suggests that stratification within S7K77-mutated tumors might be needed
to exploit potential therapeutic vulnerabilities.

Distinct contribution of environmental carcinogens to LUAD development

To investigate the impact of key endogenous carcinogens and environmental exposures on
lung cancers across diverse geographic regions and genetic backgrounds, we performed
unsupervised clustering of tumors according to the relative contributions of mutational
signatures derived from human cancers87-89 and pluripotent stem cells exposed to
environmental carcinogens® (STAR Methods), revealing ten clusters (Figure S5A) that
further assembled into four major groups and a mixed mutation signature group (Figure 5A).
Polycyclic aromatic hydrocarbons (PAHSs) and nitro-PAHS, carcinogens from tobacco or air
pollution®1, dominated tumors in smokers and high smoke-exposure score never-smokers
irrespective of geography. These tumors were enriched for CD8-/IFNG- (in EGFRIKRAS
WT) or CD8+/IFNG+ (in KRAS-mutated) immune subtypes (p=0.0033, Figure 5B). In
contrast, the nitrosamine-high signature, reflecting a potent carcinogen found in processed
food, cosmetics, and cigarette smoke®2, occurred predominantly in Asian female never-
smokers with early-stage EGFR-LE58R or -E19Del mutated tumors (p<0.001, Figure 5B,
Table S5). PAHs/nitro-PAHSs were enriched in smokers and never-smokers with KRAS-
mutated or EGFR-WT tumors, while nitrosamine was specific to never-smokers with EGFR-
mutations (Figure 5C). Nitrosamine-low tumors included a small subset with a distinct
APOBEC signature (yellow in the “mutation group” assignment) (Figure 5A-B, S5A,
subclusters 5 and 9), aligning with our previous report of poor survival of our never-smoking
cohort!!, The four major groups showed significant differences in relapse-free survival
(RFS) and OS (Figure 5D, Figure S5B). Patients with tumors in the nitro-PAHs/PAHSs

and APOBEC groups showed markedly worse RFS, with hazard ratios (HR, corrected for
age, sex, cohort and stage) for relapse events of 2.07 (95% C1=1.06-4.04) and 1.87 (95%
Cl=1.07-3.27), respectively (Figure 5D-E). Furthermore, tumors with nitrosamine-high
signatures, which were enriched for EGFR-E19Del, exhibited poorer RFS and OS (Figure
5F, Figure S5C), with an adjusted HR of 6.07 (95% C1=1.26-29.24) for RFS. These findings
underscore the critical role of nitrosamines and nitro-PAHSs in driving adverse clinical
outcomes in lung cancers across both smokers and never-smokers.

Tobacco stream smoke and haze pollution are significant sources of carcinogens, including
PAHs, heterocyclic compounds, and N-nitrosamines®. To investigate how their long-term
exposures drive cancerization in normal tissues, we analyzed differential proteins and
pathways in NATS, the paired tumors of which had nitrosamine (Figure 5G, left panel)

and nitro-PAHs or PAHSs signatures (Figure 5G, right panel) (Table S5). Notable overlap
was seen between the carcinogen signature groups, most prominently in immune-related
pathways, such as neutrophil degranulation, MHC-II antigen presentation, and FcyR-
mediated phagocytosis (Table S5). NATs associated with high nitrosamine signature tumors
exhibited metabolic and immune activation (AGER signaling, CXCR4 signaling), as well
as GNRH and ERK-MAPK signaling, potentially promoting proliferation and invasion93,
Nitro-PAHs/PAHs NATs showed IL-8 signaling. The results link carcinogen exposures to
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inflammation, oncogenesis, and tumor progression in LUAD NATS, as well as carcinogen-
specific alterations such as nitrosamine-induced metabolic dysregulation94.

Smokers constitute the largest subset of patients enriched for exogeneous carcinogen
signatures. We assessed field cancerization effects and distinguished smoking-related
oncogenesis from other carcinogen exposures for never-smokers, applying the S-scoring
method?® to compare the transcriptome, proteome and phosphoproteome of NATS from
individuals who had high or low smoke-exposure scores (HSS/LSS)10 (Figure S5D).
Among the 226 and 157 up- or down-regulated features, 197 were integrated into a
protein-protein interaction network and organized into 19 interconnected modules (Figure
S5E). Upregulation in immune receptors, complement system components, and chemokines
indicated complex modulation of immune responses and immune cell recruitment within the
HSS NAT microenvironment. Pathway analysis consistently revealed significant enrichment
for immune-related processes as well as glucose, cholesterol, and lipid metabolism

(Figure 5H). Interestingly, while both groups shared nodes of inflammatory and metabolic
imbalance, nitro-PAHSs exposure induced a higher number of upregulated phosphorylation
events in extracellular matrix (ECM) degradation, inflammation and antigen presentation
(Figure 51), suggesting the more profound carcinogenic impacts of nitro-PAHs compared to
PAHSs.

Nitrosamines and nitro-PAHs/PAHs carcinogens promote different cancer-
relevant pathways: Following the analysis of NATs, we evaluated the exogenous
carcinogen contributions in tumor development by examining differentially enriched
proteins, phosphosites, and activated pathways in tumors from high, low and absent
carcinogen signature groups using Ingenuity Pathway Analysis. Among environmental
carcinogens, nitrosamine CS was linked to predominantly female never-smokers (Figure
5B). Tumors with the nitrosamine signature shared enriched pathways with their paired
NATS, but exhibited higher carcinogenic activities (Figure S6A, Table S6), including
mitochondrial fatty acid oxidation, inflammation and immune response, aligning with the
early toxic effects of nitrosamine exposure®®. Tumors in nitro-PAHs/PAHs signature groups
had evidence of smoke exposure-activated pathways, including xenobiotic metabolism AHR
pathway, neutrophil degranulation, I1L-8 signaling, mTOR signaling, and detoxification of
reactive oxygen species pathways, while MAPK signaling and ERBB signaling were more
activated in the nitrosamine signature group (Figure 6A, Table S6). These carcinogens
influenced expression of proteins explicitly linked to activated metabolism and oncogenesis.
In the nitro-PAHSs/PAHSs group, for instance, AHR downregulation suggested that carcinogen
binding triggered its degradation, promoting immune activation and cancer progression
(Figure 6B upper panel, Table S6).

The nitro-group addition to PAHs in nitro-PAHSs has been reported to increase carcinogenic
potential 10-1000 fold®’, a difference that was clearer in tumors than NATs (Figures 51,
S5, 6B, lower panel, Figure S6B—C). The nitro-PAHSs tumors showed stronger activation

of aromatic compound metabolic processes, cell cycle, and metastasis, and exclusive
enrichment of proteasome, ribosome, and ATP synthase subunits, proteins/phosphosites
involved in organonitrogen or aromatic compound metabolism (e.g. CYP1B1, a key enzyme
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for cigarette-smoke carcinogen metabolism)%:99, immune response (e.g. CD274 (PD-L1),
CD79A), and MMPs (Figure 6B, lower panel).

Of particular interest are the common and distinct characteristics of tumors from never-
smokers and smokers that share the nitro-PAHS/PAHSs signature. A subset of tumors

from smokers, mostly EGFR-mutated from Asian individuals, had LSS and a stronger
contribution of APOBEC and methylcytosine deamination signatures (Figure 5B, middle
panel, Figure S5A, Table S5), with evidence of crosstalk between chemical carcinogenesis,
immune response and trafficking of AMPA receptors. Swanton et al. recently reported

that PM2.5 promotes EGFR/KRAS mutation-driven tumorigenesis, manifest as elevated
IL-1B and CD274 expression in macrophages of a PM2.5-treated mice model190. We
observed significantly elevated CD274 (p<0.01) expression and activation of cancer-
relevant processes including RTK/MAPK/PI3K signaling, glycosylation metabolism, IL1
signaling and neutrophil degranulation pathways in never-smoker females without HSS, a
cancer cohort that was also significantly younger (median age <60yr, p=0.0083) (Figure
S6D, Figure S6E, Table S6). Our concordant molecular observations suggest that these
never-smokers were likely more susceptible to air-pollution-induced LUAD. Neutrophil
degranulation promotes lung cancer progression and metastasis'%2, cytotoxicity that can be
inhibited by CD274192; thus never-smokers with a nitro-PAHSs signature may benefit from
immunotherapy. To promote classification of tumors by carcinogen exposure signatures, a
panel of biomarker candidates, many related to immune response, was established to identify
the subset of smokers or never-smokers with highest susceptibility to nitro-PAHs/PAHs
carcinogens (Figure 6C).

Our classification of carcinogenic signatures in human tissue samples suggests that endo-
and exo-carcinogens are associated with distinct driver mutations and smoke exposure.

We validated the effects of common carcinogens, nitro-PAH (1-nitropyrene, 1-NP) and
PAH (benzo[a]pyrene, BaP), on lung cancer cell lines with different driver mutations
(A549 [KRAS mutation] and PC9 [ EGFR mutation]) below the effective concentration 10
(EC10) (Figure S6F). Proteomic and phosphoproteomic analyses revealed that 1-NP and
BaP treatments upregulated pathways related to cell cycle, DNA repair, EGFR signaling,
and invasion (Figure 6D, Table S6). Notably, the carcinogens induced different molecular
signaling patterns for cancer progression in cells with different driver mutations in a
dose-dependent fashion (Figure 6E). Furthermore, down-regulated AHR and up-regulated
CYP1B1, SERPINEL, PTPN11, RB1, ATP5F1A, TNFRSF10B, which were observed in
tumors with nitro-PAHs and PAHSs signatures (Figure 6B, Figure S6B-C, Table S6), were
also consistently regulated in 1-NP and BaP treated cells (Figure 6E). Functionally, 1-NP
and BaP promoted A549 cell migration and invasion, consistent with poor outcomes

in KRAS-mutant tumors enriched with nitro-PAHSs/PAHSs signatures, effects that were
absent in PC9 cells (Figure 6F, 6G, Figure S6G-I). Conversely, 1-NP enhanced PC9
proliferation but did not significantly affect A549 cells (Figure 6H). Collectively, these
findings demonstrate that the same carcinogens elicit distinct cancer phenotypes depending
on underlying driver mutations, underscoring the complexity of environmental carcinogen
impacts. Routine measurement of carcinogen exposures as a single risk panel could inform
effective chemoprevention and monitoring strategies. Our nominated biomarker candidates
(Figure 6C) may offer actionable insights to guide such strategies in both smokers and
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never-smokers, and their evaluation in blood may provide the foundation for a minimally
invasive assay of high-risk exposure to environmental carcinogens.

Proteomic clustering identifies early-stage late-like LUAD subtype

Global protein expression-based NMF clustering yielded three clusters (C1, C2, C3) (Figure
S1D), with C2 showing significantly shorter median RFS (2.8 years) across stages I-111

and C3 having better RFS (Figure 7A, Tables S1, S7). The C2 cluster included a large
proportion of late-stage samples (58% of stage 111 and 50% of stage 1V), had 1.7-2.1-fold
higher recurrence compared to other clusters (60% of patients with recurrence), and showed
the most cancer-related deaths (52%), more lymph node metastasis (58% of pN2), and
higher ECOG scores (65% of score >2) (Table S7). C2 also included 36.4% of stage |
patients, a subtype we designated “late-like” in our previous paperll. An extreme gradient
boosted decision tree classifier trained only on annotated “late-like” tumors from our
previous ICPC.A study was used to predict late-like status for all remaining tumors,

and showed that, overall, “late-like” tumors were highly enriched in C2. Consistent with

a late-like phenotype, stage | patients in C2 showed the poorest RFS among all stage

I, independent of smoking status (Figure 7A, right panel, Figure S7A-B). In addition,
self-reported smokers with high smoke-exposure score in the C2 cluster had significantly
poorer survival than all other smokers, while RFS of self-reported never-smokers was not
affected by the smoke-exposure score. (Figure S7C-D). Ingenuity Pathway Analysis (IPA)
showed that the C2 subtype samples reflect many of the characteristics of pathologically
late-stage (11, 1) samples, irrespective of their own staging (Figure 7B, Table S7).
Relative to other clusters, C2 samples showed enrichment of immune- and metastasis-related
pathways, such as T-cell receptor signaling, microautophagy, Notch signaling, the TNFR2
non-canonical NF-kB pathway, and cell cycle checkpoints (Figure 7B), with C2 never-
smokers showing significant upregulation of immune-related pathways relative to non-C2
never-smokers (Figure 7C, Table S7). We denoted proteins that increased in abundance
across stages I-1V and were annotated as druggable targets and secreted blood proteins as
potential biomarkers for C2 patients (Figure 7D, Figure S7E, Table S7). Among the most
significantly differential proteins, COL11A1 and THBS2 have been shown to promote tumor
aggressiveness in LUAD via multiple mechanisms!03:104, Furthermore, never-smokers in
C2 markedly overexpressed KRT6A and KRT14 proteins, which have been associated with
tumor progression in LUAD (Figure S7F)105106_ Taken together, these results identify a
subset of early-stage patients with poor outcomes whose tumors are marked by molecular
features seen in advanced-stage cancers, and who might benefit from more intensive
monitoring and treatment.

Given their aggressive characteristics, we further explored whether C2 tumors had common
or unique oncogenic factors relative to non-C2 samples. 7P53 mutations were particularly
prevalent amongst C2 tumors (66.3%) compared to others (32.6% in C1 and 31.8% in C3).
Carcinogen mutation signatures were heterogeneous, showing both cluster- and sex-specific
contributions among the three proteome clusters (Figure 7E). As expected, the nitro-PAHs
signature was significantly more frequent in males, especially in C2 (71.6%), than in
females. APOBEC signatures are associated with sex, with APOBEC (C>T) significantly
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overrepresented in males (67-80%) and APOBEC (C>G) more common in females (39—
40%).

Notably, patients in the C2 proteomic subtype comprised two distinct clinical profiles, one
enriched with smoking males, containing mostly EGFR-WT (70%) with or without KRAS
mutated tumors, and one with never-smoking females enriched with £EGFR-mutated (68%)
tumors. This led us to examine the contribution of mutational signatures in association
with sex within the C2 subtype (Figure 7F). Nitrosamine and APOBEC (C>G) signatures
predominated for C2 females with EGFR mutation (L&858R and £19De)). In contrast,
nitro-PAHs and APOBEC (C>T) predominantly occurred in male patients, with the PAHs
signature being enriched for male patients with KRAS mutations and high smoke-exposure
scores. Upregulation of APOBEC3A, APOBEC3B, and APOBEC3G proteins were also
observed in the C2 compared to non-C2 subtypes (Figure S7G).

Though increasing evidence has shown that APOBEC-induced genetic heterogeneity
contributes to carcinogenesis and represents a cancer hallmark, its differential association
with sex is less reported. To further illuminate the molecular characteristics defining

the tumors from distinct C2 subgroups of never-smoking females enriched for EGFR-
mutated tumors and smoking males enriched for EGFR-WT/KRAS-mutated tumors, their
associated pathway biology was investigated by IPA. Compared to C1/C3 subtypes,
pathways commonly enriched in C2 samples included those related to cancer progression,
cell death and survival, metabolism, immune response, and metastasis (Figure 7G, Figure
S7H, Table S7), commensurate with worse outcomes even at early pathologic stages. In
addition to higher immune scores (ESTIMATE) in C2 patients (Figure S71), sex-specific
differences were also observed, with EGFR and BCR signaling axes highly activated in
females and KRAS pathway upregulation in males (Figure 7G), highlighting different routes
of LUAD progression that converge into poor outcome. Many proteasome components
were commonly activated in C2 patients (Table S7), with weighted correlation network
analysis1o7 revealing co-expression of proteasome complexes with APOBEC proteins (3A,
3B, 3G). Notably, however, immunoproteasome complex elements PSMB8, PSMB9 and
PSMB10 were elevated in C2 females, while only the standard proteasome components
were upregulated in C2 males (Figure 7G, Figure S7H). Expression of PSMB8, PSMB9
and PSMB10 have been reported to be associated with better response to immune
checkpoint inhibition in cancers198-110, The active immune response in C2 females
suggests that they may benefit from combined EGFR/immune checkpoint inhibition
therapy, with immunoproteasome-selective inhibitors as potential combination options11-
114 By contrast, treatment targeting proteasome inhibition and KRAS mutation might be a
beneficial strategy for C2 late-like males!15.116,

Candidate therapies and biomarkers with potential translational utility

We applied a therapeutic target prioritization method that integrates characteristics of tumors
with functional genomics data in cell lines!7. A predicted drug target was identified if its
protein, activating phosphorylation site, or other PTM site was significantly increased in
tumors vs paired NATSs for a particular LUAD subset (EGFR, RBM10, STK11 mutation

and ALK fusion), and if gene knockdown by shRNA induced loss of fitness in LUAD
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cell lines that conformed with that subset (Figure SBA-F and Table S8). The top 15
overexpressed targetable dependencies found by this approach spanned a range of genomic
aberrations and corroborated other findings reported in this study (Figure 8A). SF3B1,

an established splicing factor, was found to be overexpressed across multiple aberrations
(Figure S8A, B, E, and F), similar to our previous analyses in the pan-cancer settingl17:118,
MET was found to be an overexpressed dependency in tumors with EGFR-L858R (Figure
S8G). MET inhibition has been successfully used in lung cancer patients harboring EGFR
mutations and MET amplification119.120.121 ' demonstrating the ability of this approach

to identify relevant therapeutic opportunities. XPO1, a protein transporter that shuttles

an array of tumor suppressors and growth regulatory proteins22-124 \was a dependency

in multiple molecular contexts. The XPOL1 inhibitor Selinexor is an approved drug for
diffuse large B-cell lymphoma and is currently being investigated in several clinical trials122
including NSCLC (NCT03095612). Proteome-centric landscapes of current and possible
future therapeutic targets include those unique to particular LUAD subsets (Figure S8G-H)
or shared amongst subsets (Figure 8A).

Targets were classified into five tiers according to their actionability (Table S8). Tier 1
included 11 genes like EGFR that are targeted by approved oncology drugs. Tier 2 consisted
of six genes targeted by drugs approved for other indications, providing drug repurposing
potential. Ten genes in Tier 3, such as heat shock protein HSP90AA1, are targeted by
investigational or preclinical drugs, indicating potential utility as stratification biomarkers
for experimental therapies. Tier 4 comprised eight genes from protein families frequently
targeted by small molecule inhibitors, and Tier 5 included five membrane proteins, potential
candidates for antibody or chimeric antigen receptor (CAR) T cell therapies. In addition to
nominating therapeutic candidates, these results may provide insights into therapeutically
relevant underlying biology. For example, multiple EGFR ubiquitination sites were found
to be overexpressed relative to NATSs in both EGFR-WT and EGFR-mutated tumors

(Figure 8A), but ubiquitination at EGFR K716 was exclusively overexpressed in EGFR-
mutated subsets despite EGFR protein being underexpressed (Figure 8B, left two panels).
LUAD cell lines harboring these EGFR mutations also showed greater dependency to
EGFR knockdown by shRNA compared to EGFR-WT cell lines (Figure 8B, right panel).
Ubiquitination at K716 triggers internalization of activated surface EGFR12%, Rapidly
internalizing activated mutant forms of EGFR could be attractive targets for antibody-

drug conjugates (ADCs), since internalization of ADC antigens is critical to delivery

and activation of the targeted cytotoxic agent. Likewise, CSF1R is a surface receptor,
internalization of which is regulated by ubiquitination126, The CSF1R K812 ubiquitination
site was exclusively overexpressed in EGFR-E19de/tumors independent of its global protein
levels and demonstrated selective £EGFR dependency in LUAD cell lines harboring EGFR-
E19del (Figure 8C and Figure S8G). These results suggest targeting CSF1R as a therapeutic
opportunity in EGFR-E19de/tumors and prioritize CSF1R K812 as a candidate for follow-
up mechanistic studies since its role in receptor internalization is not established. Other
therapeutic hypotheses inviting further study include heat shock proteins HSP90B1 and
HSP90AAL, overexpressed dependencies in multiple LUAD subsets (Figure 8A). In the
Profiling Relative Inhibition Simultaneously in Mixtures (PRISM) drug screen!2’, LUAD
cell lines harboring STKZ1 mutations were more sensitive to the HSP90AAL1 inhibitor
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tanepsimycin than STK2Z WT cell lines. Tanepsimycin has been tested in lung cancer
patients in a phase I clinical trial (NCT00004065); stratification by S7TKZI mutation status
may be warranted (Figure 8D).

To identify candidate drug targets for samples assigned to proteomic NMF clusters, we first
trained a global proteome-based XGBoost classifier to predict cluster membership (Figure
S8I-J and STAR methods), achieving a mean AUROC of 0.97 using 100 proteins designated
tumor epithelial-specific by deconvolution analysis, and then applied the classifier to

LUAD cell line proteomic data in DepMap. Predicted LUAD cell line cluster assignments
aligned reasonably with core NMF LUAD tumors based on protein Hallmark ssGSEA
scores (Figure S8K). Numerous targetable dependencies for NMF proteomic clusters were
identified (Figures 8E-G, Table S8). SF3B1 (C1/C2) reinforced our observations of splicing
deregulation in subsets of tumors. Co-occurrence of TOP2A and AURKB highlighted a
potential co-dependency for C2 unstable tumors, which were also found to have high
IGF2BP3 relative to C1 and C3. KIF11, another dependency associated with poor-outcome
C2 tumors, has been reported to be prognostic and a targetable LUAD vulnerability128.
These and many other examples suggest the potential of our approach to nominate targets
for further (pre)clinical evaluation.

In summary, our systematic analysis provides a druggable proteomic atlas for LUAD subsets
and highlights the translational utility of leveraging multi-omic data to nominate promising
drug targets that may be vulnerable to multiple therapeutic modalities (Figure 8H).

Discussion

The presented study, a product of the international and interdisciplinary CPTAC/ICPC
program, provides a large and comprehensive molecular data resource for LUAD:

a proteogenomic compendium representing the demographic, etiological, clinical, and
molecular complexity of LUAD, addressing key gaps in our understanding of this diverse
and deadly disease. These major findings are summarized in Figure 8H. The intrinsic
molecular structure of LUAD was revealed in clusters enriched not only as expected for
key driver mutations (EGFR, KRAS), but also for degrees of genomic instability, markers
of proliferation, immune signaling, endogenous mutagen and environmental carcinogens,
high-risk early stage, and outcome. Extensive PTM characterization provided insights into
oncogenic mechanisms, for instance in ALK-fusion-driven disease; allowed the bridging of
functional and structural proteomics by examining the impact and localization of PTMs
on protein structures, for example in the acetyltransferase EP300; and supported the

use of cell type-specific modification patterns to study cancer immunity and the tumor
microenvironment through the lens of protein modifications. The scope and scale of the
tumor cohort facilitated analyses of signature-determined carcinogen exposures ranging
from nitrosamine to nitro-PAHs/PAHS, their complex interaction with sex determinants,
and their relevance to early recurrence. Comprehensive molecular characterization of
NATSs revealed the contribution of environmental carcinogens to early events of persistent
inflammation, ECM remodeling, immune modulation, and metabolic dysregulation in
non-cancerous tissues, collectively contributing factors to LUAD tumorigenesis. These
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data suggest a need to increase awareness of and develop a risk prediction model for
environmental carcinogens in addition to tobacco smoke.

Several methodological and analytical innovations are presented herein. The heterogeneity
of genomic instability led us to develop a synthetic metric designated “breakage intensity
clustering” that provides a prognostic measure of chromosomal instability by characterizing
the positional distribution of genomic breakpoints and identifies highly fragmented genomes
associated with poor outcomes. We identified IGF2BP3 as a prognostic proteomic biomarker
of chromosomally unstable, unfavorable lung cancer, and a panel of biomarkers that

might facilitate the development of effective chemopreventive and monitoring strategies

for environmental carcinogens. These biomarkers could be used to broaden lung cancer
screening to other high-risk populations left out of current CT screening guidelines. We
applied innovative statistical approaches to existing single-cell compendia to characterize
gene expression in the LUAD tumor microenvironment with cell-type resolution. At the
translational level, we built upon previous findings to improve the understanding of early
stage, “late-like” LUAD, exposing underlying biology, generalizing this molecular subtype
to female never-smokers and male smokers of diverse ethnicity, and identifying potential
approaches to patient stratification beyond clinical staging. Further, by integrating tumor
proteomics with cell-line drug screens we built a comprehensive atlas of therapeutic
vulnerabilities for distinct LUAD genetic subtypes, including nomination of sex-specific
combination therapies in late-like disease.

Limitations of the study

Focused on tissues collected from Caucasian and Asian patients, the cohort underrepresents
other demographics, potentially affecting the generalizability of the findings. Though a

large cohort, the statistical power is low for certain subgroup analyses, particularly those
involving less frequent mutations or specific demographic groups. The cross-sectional nature
of the study precludes longitudinal analysis, important for understanding the dynamics of
oncogenesis and disease progression. The analysis relies on batch correction to support
combination and integration of heterogeneous cohorts, which can dampen biological signals
and introduce unintended biases in the data. All molecular data is derived from a single
cryopulverized piece of bulk tissue, which is optimal for integration of the several data

types but can obscure intratumoral heterogeneity and conflate signals from tumor epithelium
and stroma. Our use of single-cell-based deconvolution mitigates the latter but does not
afford the granularity of true single-cell analysis. Associations with environmental exposures
are based on self-report, which may be subject to recall bias. This limitation is partially
mitigated by using genomic data to assess carcinogen signatures as surrogates of exposure.
Additionally, the high level of association between ancestry, sex, exposure, and mutation —
for instance, the high frequency of £EGFR mutation in Asian female never-smokers — makes
it difficult to tease out the relative contributions of those variables to the underlying disease
biology even when controlling for confounders.

This study provides a comprehensive proteogenomic characterization of LUAD, addressing
key questions about the disease's molecular underpinnings and highlighting potential clinical
applications. The findings help pave the way for personalized treatment strategies and
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offer promising directions for future research. Like other studies of its type, it intends

to present actionable observations while also being hypothesis-generating and providing

a resource to the wider community of basic science and clinical investigators. Validation
studies have been incorporated to functionally assess key findings, such as the character of
IGF2BP3 as a biomarker and the context-specific impact of select exogenous carcinogens,
but additional studies will be needed to validate other biological findings, and further
investigation into the functional roles of other identified biomarkers and therapeutic targets,
such as specific post-translational modifications, will be crucial for translating these findings
into clinical practice. Continued efforts to integrate diverse patient cohorts, longitudinal data,
and detailed annotation regarding region-specific carcinogen exposure will be essential in
advancing our understanding and treatment of this complex disease.

Resource availability

Lead contact

Further information and requests for resources should be directed to the lead contact,
Michael A. Gillette (gillette@broadinstitute.org)

Material availability

This study did not generate new unique reagents.

Data and code availability

Genomic and transcriptomic data files for the ICPC cohort can be accessed at the

database of Genotypes and Phenotypes (dbGaP) through Study accession: phs001954,
https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs001954. Genomic
and transcriptomic data files for the CPTAC cohort can be accessed at

the Genomic Data Commons (GDC), https://portal.gdc.cancer.gov/, with dbGaP

Study Accession: phs001287, https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?
study_id=phs001287. Proteomic data (including PTMs) for both cohorts can be accessed at
the Proteomics Data Commons, https://pdc.cancer.gov/pdc with Study accession numbers
ICPC.A proteome: PDC000219, ICPC.A phosphoproteome: PDC000220, CPTAC.A
proteome: PDC000153, CPTAC.A phosphoproteome: PDC000149, CPTAC.A acetylome:
PDC000224. CPTAC.A ubliquitylome (PDC000627), ICPC.B proteome (PDC000563),
phosphoproteome (PDC000564), CPTAC.B proteome (PDC000489), phosphoproteome
(PDC000490), acetylome (PDC000491), and ubiquitylome (PDC000492) will be available
upon publication. All data discussed in the paper, including those from previous
publications, are available at: https://pdc.cancer.gov/pdc/cohort/cptac-icpc-luad

STARXxMethods
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cohort description: Sample annotation (including demographics such as age, sex, race,
etc.), processed and batch corrected and normalized data files are provided in Tables S1-S2.
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CPTAC.A and CPTAC.B cohorts: The tumor, normal adjacent tissue (NAT) and whole
blood samples used in this manuscript were prospectively collected for the CPTAC

project and, while representing a substantial expansion of the previously published

cohort, are otherwise identical to the sample acquisition described in our previous
publicationl0. Institutional review boards at tissue source sites reviewed protocols and
consent documentation adhering to the Clinical Proteomic Tumor Analysis Consortium
(CPTAC) guidelines. Clinical data were obtained from tissue source sites and aggregated by
an internal database called the CDR (Comprehensive Data Resource) that synchronizes with
the CPTAC DCC (https://cptac-data-portal.georgetown.edu/). Clinical data can be accessed
and downloaded from the DCC (Data Coordinating Center). Demographics, histopathologic
information, and treatment details were collected. LUAD histopathology was confirmed for
all cases by at least 2 expert pathologists based on high resolution images of H&E sections.

ICPC.A and ICPC.B cohorts: The paired tumor, NAT and whole blood samples used

in this manuscript were prospectively collected between July 2016 and July 2020 for the
Taiwan Cancer Moonshot project and, while representing a substantial expansion of the
previously published cohort, are otherwise identical to sample acquisition described in

our previous publication!!, and followed guidelines set by the research ethics committees

of Academia Sinica, National Taiwan University Hospital (NTUH), Taichung Veterans
General Hospital (TCVGH), and Chung Shan Medical University Hospital (CSMUH) which
approved the study. All patients provided written informed consent.

Cell lines: Human lung cancer cell lines A549 and PC9 were cultured in RPMI

medium supplemented with 10% fetal bovine serum. NCI-H1975 (ATCC, catalog number
CRL-5908), and its derivative aneuploid clones were selected following treatment with
reversine according to the protocol in134,

METHOD DETAILS

Sequencing sample preparation and analysis

CPTAC.A and CPTAC.B cohorts: This study sampled a single site of the primary tumor
from surgical resections, with an internal requirement to process a minimum of 125mg of
tumor tissue and 50mg of NAT. DNA and RNA were extracted from tumor and NAT and
downstream processing for whole exome sequencing (WES), whole genome sequencing
(WGS), RNA and miRNA sequencing proceeded according to methods identical to those
previously described in10.

ICPC.A and ICPC.B cohorts: This study sampled the primary tumor from surgical
resections from three medical centers, with an internal requirement to process a minimum
of 40 mg of tumor tissue and NAT and 2 ml peripheral blood. DNA was extracted from
tumor, NAT and Buffy coat, and RNA was extracted from tumor and NAT for downstream
processing for whole exome sequencing (WES), whole genome sequencing (WGS) and
RNA sequencing.
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Array Based Methylation Analysis

CPTAC.A and CPTAC.B cohorts: Methylation EPIC arrays were used for DNA
methylation data and are only available for the CPTAC.A and CPTAC.B cohorts. The
methods employed are identical to those previously described in10.

MS methods sample preparation and analysis

CPTAC.A and CPTAC.B cohorts: Proteome, phosphoproteome, and acetylome analyses
were done in a serial fashion as described previously0. Ubiquitylome analysis was done in
parallel as described in13 and was performed in two batches. CPTAC.B samples, excluding
the first TMT plex, were also enriched and profiled for N-glycosylation using flowthrough
of acetylome experiments; these data have not been used in this study but will be available
as a resource. The first batch of the CPTAC cohort (CPTAC.A) was processed using TMT10
reagents and spanned 25 TMT10 plexes. This cohort has been published previously19 except
for ubiquitylomes, which are new to this study. The CPTAC.B cohort (new cohort) was
processed in two batches, with the first (CPTAC.B1) consisting of 11 TMT11 plexes and

the second (CPTAC.B2) of 14 TMT11 plexes. For ubiquitylome analysis, the first batch
consisted of 14 TMT10 plexes (CPTAC.A), and the second batch consisted of 15 TMT11
plexes (CPTAC.B). The protocols for protein extraction, tryptic digestion, TMT10/TMT11
labeling of peptides, peptide fractionation by basic reversed-phase liquid chromatography,
phosphopeptide enrichment using immobilized metal affinity chromatography, and LC-
MS/MS, were identical tol0 with the few exceptions listed below.

1. CPTAC.B cohort leveraged TMT11 instead of TMT10

2. CPTAC.B acetylomes were run on a 110-minute LC gradient instead of 240
minutes as was employed for CPTAC.A.

3. Ubiquitylomes for CPTAC.B cohorts were enriched using magnetic di-Gly
remnant beads and a further-optimized method!32

4, Proteomes for the CPTAC.B cohort were analyzed on a Thermo HFX instead of
a Thermo Lumos instrument.

To facilitate quantitative comparison between all samples across experiments, a common
reference (CR) sample was included in each TMT10/TMT11 plex as described in10 .

ICPC.A and ICPC.B cohorts: The primary tumor and the paired NAT from surgical
resections were processed following our previous publicationl! and were processed using
TMT10plex reagent in two batches. The first batch of the ICPC cohort (ICPC.A)

spanned 27 TMT10 plexes and has been published previously!!. The ICPC.B cohort (new
cohort) consists of 31 TMT10 plexes. The protocols for protein extraction, in-solution
tryptic digestion, TMT10 labeling of peptides, peptide fractionation by basic pH reverse-
phase liquid chromatography, phosphopeptide enrichment using immobilized metal affinity
chromatography and LC-MS/MS were identical to the previous study! with the few
exceptions listed below.

1. The reference samples were used for quality control in each TMT10 batch
experiment. The third reference sample was prepared by pooling 15 tumor
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tissues from early-stage patients and labeled for the TMT-131 channel in ICPC.B
cohorts.

2. The phosphoproteome enrichment of ICPC.B cohorts was performed using the
NTA resin (Qiagen#NTA30410).

3. All fractionated samples were analyzed in single injections on a 240-minute LC
gradient for ICPC.B.

4, Phosphoproteomic analysis from batch 2 to 31 in ICPC.B was performed on a

Thermo Orbitrap Eclipse instead of the Orbitrap Lumos used in ICPC.A.

Cell line experiments

Proteomics and peptide-pull down: The cell line phosphoproteome experiment was part

of a larger set of experiments within the Novartis and Broad Institute Cancer Cell Line
Encyclopedia (CCLE) consortium and will be published elsewhere. Data is shown only for
the selected phosphopeptides and the detailed phosphoproteome analysis will be published
separately. The 8 cell lines, their genomic alterations, the target, and the inhibitors used are
listed as follows. None of the selected peptides were identified in KPL1 cells and therefore
that line is excluded in Figure 2E.

1. Bladder cancer RT112 cell line with FGFR- TACC3 fusion, treated with FGFR
inhibitor Infigratinib at 500nM concentration

2. Endometrial cancer, AN3CA cell line with FGFR2 N549K mutation, treated with
FGFR inhibitor, Infigratinib at 500nM concentration

3. Breast cancer, T47D cell line with P/IK3CA mutation, treated with PI3KA
inhibitor Alpelisib at 1uM concentration

4, Breast cancer, KPL1 cell line with P/IK3CA mutation, treated with PISKA
inhibitor Alpelisib at 1uM concentration

5. Lung cancer, H3122 cell line with ALK fusion, treated with ALK inhibitor
Ceritinib at 300nM concentration

6. Lung cancer, H2228 cell line with ALK fusion, treated with ALK inhibitor
Ceritinib at 1uM concentration

7. Colon cancer, Ls513 cell line with KRAS mutation, treated with MEK inhibitor
Trametinib at 30nM concentration

8. Colon cancer, H747 cell line with KRAS mutation, treated with MEK inhibitor
Trametinib at 50nM concentration

RT112 and AN3CA cells were treated with DMSO for 6 hours and corresponding inhibitors
for 6, 24, and 96 hours in duplicates. All the other cell lines were treated with DMSO in
duplicates, or with inhibitors in triplicates for 6 and 24 hours. Each cell line was processed
in a single TMT 10-plex experiment representing all the DMSO and drug treatment time
points and replicates. Cells were lysed, digested, and TMT labeled as described above

in the “CPTAC.A and CPTAC.B cohort” section. Mixed sample after labeling for each
TMT plex was processed for phospho-tyrosine enrichments as previously described33,
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Resulting pY enriched samples were analyzed on a Fusion Lumos Mass Spectrometer
coupled to an Easy-nLC 1200 using Picofrit 75uM ID columns (New Objective) packed in
house with ReproSil-Pur C18-AQ 1.9uM beads to a length of 25cm. For each sample 2 x
4/9uL injections were performed and each sample was separated at 200nL/min flow rate
with solvent A of 0.1% formic acid/3% acetonitrile, solvent B of 0.1% formic acid/90%
acetonitrile and a gradient of 2 — 6% B in 2 min, 2 — 35% B in 12 min, 35 -60% B in

8 min, 60 — 90% B in 3 min, followed by 2 x 10 min washes at 90% and 50% B. MS
parameters included: MS1 resolution of 60,000, mass range of 350 to 1800 m/z, AGC target
of 4e5, and max inject time of 50ms, isolation width of 0.7amu, normalized CE of 34%,
MS2 resolution of 50,000, AGC target of 1e5, and max inject time of 250ms, cycle time of 2
sec and dynamic exclusion of 5 sec.

Data were searched and analyzed using Spectrum Mill MS Proteomics software (Broad
Institute) using a Uniprot human database downloaded on 12/28/2017 as described
previously10-131, Reporter ion ratio for each channel to a median of all channels was used for
quantitation of samples in each plex.

For peptide pull down experiments, the LUAD H3122 cell line, which harbors an
EML4-AL K fusion, was used. Cells were cultured in 10% fetal bovine serum containing
Dulbecco’s Modified Eagle Medium (DMEM). Cells at 70% confluence were washed twice
with ice cold PBS followed by lysis in non-denaturing buffer (50mM Tris pH 7.5, 150mM
NaCl, ImM EDTA, 1% Triton X 100, Roche protease inhibitor, and phosphatase inhibitors
NaF, PIC2 and 3). A total of 1mg cell lysate was incubated with 10ug of biotinylated
peptides and 10 ul of magnetic streptavidin slurry and incubated at 4° C for 1 hour. The
beads were washed three times with a lysis buffer followed by transfer to a fresh Eppendorf
1.5ml tube and two additional washes with ice-cold Tris wash buffer (59nN Tris HCL pH
7.5). After the beads were washed, the entirety of the wash buffer was removed and 80ul

of Urea digestion buffer was added (ImM DTT, 5ug/mL Trypsin). Beads were incubated
for 1 hour at room temperature on a Thermo-mixer (1000rpm). The ~80ul supernatant

was transferred to a fresh 1.5ml tube. An additional 80ul of digestion buffer was added

to the beads for another 30 min room-temperature incubation, followed by the transfer of
the supernatant to the 1.5ml tube containing the previous 80ul, making the total volume

~ 160ul. The beads were washed twice with 60ug Urea-Tris buffer (2M Urea in 50mM

Tris HCL pH 7.5) and pooled with the 160 ul supernatant, making the total volume ~
280-300ul. The tubes were given a quick spin followed by another 1.5ml tube transfer step
to avoid any residual beads. Proteins were reduced with 4mM DTT at room-temperature
for 30 mins, followed by alkylation using 10mM IAA for another 45 minutes. 0.5ug of
Trypsin was added and digestion was performed overnight. Samples were acidified to

a final concentration of 1% formic acid, and stage-tipped as described above. Peptides
were analyzed on a Thermo Orbitrap Exploris 480, coupled with a Thermo™ Vanquish
Neo UHPLC system (ThermoFisher), equipped with a 25 cm house-packed New Objective
PicoFrit™ column that was packed with 1.5 um C18 beads (Reprosil-Pur, Dr. Maisch), with
a 68-min gradient. The separation was performed at 200 nL/min, starting at 1.6% B - 4.8%
B in 1 min, 24% B in 50 min, 48% B in 5 min and 80% B in 2 min. The column was then
washed at 72% B for 10 min. Data acquisition on the Thermo Orbitrap Exploris 480 was
performed using data-independent acquisition (DIA). MS1 spectra were acquired in loop
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control mode (All), and collected at a resolution of 120,000, with a scan range of m/z: 400-
1200. Automatic gain control target was set to 3E6, with a maximum injection time of 25
ms. For DIA analysis, a variable isolation scheme consisting of 23 windows covered a mass
range of m/z: 400-850. MS/MS scans were collected at a resolution of 30,000, with an AGC
target of 1E6 and maximum injection time of 54 ms. DIA precursors were fragmented using
higher-energy collisional dissociation (HCD) with a normalized collision energy (NCE) of
27% NCE with default charge state set to +3. The DIA method cycle time was ~1.5 seconds,
equating to a median of 4-6 data points per peak (DPPP).

The peptide sequences are as follows, with the phospho residue indicated by Y (p):

HDLBP_Y437, unmodified: MVKDLINRMDY (p)VEINIDHKFH,
MVKDLINRMDYVEINIDHKFH

EML4_Y226, unmodified: KDVIINQEGEY (p)IKMFMRGRPI,
KDVIINQEGEYIKMFMRGRPI

SND1_ Y109, unmodified: IENKTPQGREY (p)GMIYLGKDTN,
IENKTPQGREYGMIYLGKDTN

LDHA_Y239, unmodified: EVHKQVVESAY (p)EVIKLKGYTS,
EVHKQVVESAYEVIKLKGYTS

Cell line functional assays: Human lung cancer cell lines A549 and PC9 were cultured

in RPMI medium supplemented with 10% fetal bovine serum. The cells were treated with
1-nitropyrene (1-NP) or Benzo[a]pyrene (BaP) at the indicated concentrations for 48 hours,
with dimethyl sulfoxide (DMSO) as the solvent control (OuM). Subsequently, the cells
were seeded for wound-healing and invasion assays. For the wound-healing assay, cells
were seeded into a 2-well culture insert to create a defined cell-free gap. Removal of the
insert was designated as the 0-hour time point, and the cell-free gap served as the baseline.
Wound closure percentages were quantified at the indicated time points using the MRI
wound-healing tool in ImageJ, analyzing three different fields for each sample. For the
invasion assay, the 8 um pores of Transwell 24-well inserts were coated with a thin layer
of Matrigel matrix (2.08 mg/mL). A total of 1 x 10* A549 and PC9 cells were seeded onto
the gel-coated inserts and incubated for 18 hours. Invasive cells were counted under a light
microscope at 200x magnification. For the cell viability assay, cancer cells were seeded onto
96-well plates (3x103 cells/well) overnight and treated with carcinogens. After 48 hours
incubation, cell viability was evaluated by thiazolyl blue tetrazolium bromide (MTT) assay.
Briefly, 10 pl of the MTT solution (5mg/mL) was added to each well and incubated for

4 hours at 37° C. Then, 100 pl of DMSO was added and mixed vigorously to solubilize
colored crystals. The absorbance at 570 nm (630 nm as the reference) was measured by
using a multi-well scanning spectrophotometer. All data were statistically analyzed using
GraphPad Prism (v9.0).

For experiments described in Figure S30, establishment of aneuploid clones was performed
according to the protocol described in134, Briefly, lung adenocarcinoma cell line NCI-H1975
purchased from ATCC (CRL-5908) was grown in ATCC-modified RPMI-1640 medium with
10% FBS as prescribed. A subconfluent plate of cells was treated with 0.5uM reversine
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(ApexBio cat# A3760) and DMSO control for 48 hours, then split and allowed to recover
without reversine for 5 to 7 days, followed by single cell cloning over 6-8 weeks in 96-well
plates, gradually scaled up to 6-well plates and subsequently to T75 flasks. The clones were
assessed for aneuploidy by microscopy and flow cytometry and select aneuploid clones were
used to perform western blots for IGF2BP3 (Abcam cat# ab179807) and GAPDH (Cell
Signaling cat# 3683) according to standard protocols.

Immunohistochemistry: The immunohistochemistry (IHC) assay was performed on the
Ventana discovery automated system as per the previously described protocol3°, Briefly,
heat-mediated antigen retrieval under cell conditioning media 1 (CC1) was followed by
application of the primary antibody and later development of chromogenic signal (in brown)
utilizing OmniMap DAB Kkit.

Post-1HC staining, the signal was identified in the cytoplasmic and membranous
compartments of the neoplastic cells. The percentage (%) and intensity of the staining (as 0=
absent; 1= mild; 2= moderate; and 3= strong) were recorded. To provide a semiquantitative
total product score (TS), a sum of percentage area multiplied by staining intensity was
rendered out of 300 as previously described36, For every TMA core, a final product score
was calculated and recorded in a tabulated fashion.

RNAseq data analysis

Data QC and filtering: To establish a unified RNAseq dataset, the GTEX/TOPMed pipeline
used in the CPTAC Pan-Cancer projects3® was applied to both the CPTAC and ICPC
cohorts. During the initial QC phase, a high rate of mitochondrial RNA (mtRNA) and
ribosomal RNA (rRNA) reads along with a lower-than-expected mapping rate (rRNA
mapping rate >10% and overall mapping <90%) was encountered. These mapping rates
were likely attributable to variations in library preparation protocols across different centers.
To address this issue, a reference containing rRNA/mMtRNA genes was developed to facilitate
read mapping. Subsequently, any reads mapping to this reference were filtered out from the
FASTQ files.

RNAseq data processing and quantification: Following the QC and filtering steps,

the RNA samples were processed using the GTEX/TOPMed pipeline, as previously
described!37. In summary, the entire cohort was aligned to the human reference genome
GRCh38 using STAR v2.7.5a. Subsequently, quality control checks and gene-level
quantification, measured in Transcripts per Million (TPM) units, were conducted using
RNA-SeQC 2.3.6138, Additionally, isoform expression was quantified using RSEM139,
TPM values were calculated for the subset of protein-coding genes, log,-transformed, and
median-centered prior to further analysis.

Genomics Data Analysis

Data processing: To standardize and harmonize the CPTAC and ICPC datasets, several QC
and formatting procedures were conducted:

1. Adding read group information
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Realigning the BAM files to the hg38 reference
Marking duplicates
Merging the BAM files

Sorting and indexing the BAM files

o g M~ w D

Running base recalibration using the latest GATK tools

After completing these steps, genomic data processing for this cohort was performed using
the same pipelines as those used for the CPTAC Pan-Cancer analysis3°.

GISTIC: To identify significantly amplified or deleted focal as well as arm level copy
number alterations (CNA), the Genomic Identification of Significant Targets in Cancer
(GISTIC2.0) algorithm was applied149. Events with q value <0.25 were deemed significant.
Run parameters were identical to the Pan-Cancer projects3®. GISTIC was also used

to map segment-level CNA to gene-level CNA. Normalized (i.e., divided by 2), log,-
transformed gene-level CNA values were used for several subsequent analyses, including
NMF clustering.

MutSig2CV: To mitigate potential sequencing artifacts and undetected germline variants, a
dedicated panel of normals comprising samples from both ICPC and CPTAC cohorts was
established and subsequently filtered the somatic reads. Following this, the MutSig2CV
tool41 was employed to pinpoint significantly mutated genes within the cohort, alongside
their mutation frequencies. These findings were limited to genes listed in the Cancer Gene
Census!#2. Genes with a g-value < 0.1 were considered statistically significant.

Proteomics Data Analysis: Global proteomic, phosphoproteomic, acetylproteomic,
glycoproteomic, and ubiquitylproteomic datasets were analyzed using the MSFragger143
search engine via the FragPipe computational platform144,

Identification and quantification: Raw mass spectrometry files were converted into open
mzML format using the msconvert utility of the Proteowizard software suite and analyzed
using the FragPipe computational platform with a TMT-10/11 workflow where proteins and
PTMs in a TMT plex are ratioed to a common reference (CR) sample included in each plex.
The quantification was performed independently for each cohort (CPTAC.B1, CPTAC.B2,
CPTAC.A, ICPC.A, ICPC.B). Each cohort had its own CR sample present in every TMT
plex for that cohort. Where possible, replicates of CR samples from prior cohorts were
included in newer cohorts to enable cohort combination via bridging (see below). For

the glyco-enriched data, the TMT11-virtual workflow was employed, in which a virtual
bridge was internally created to link CPTAC.B1 and CPTAC.B2 cohorts. MS/MS spectra
were searched using the database search tool MSFragger v3.8 against a harmonized Homo
sapiens GENCODE34 protein sequence database appended with an equal number of decoy
sequences. Whole cell lysate MS/MS spectra were searched using a precursor-ion mass
tolerance of 20 ppm and allowing C12/C13 isotope errors —1/0/1/2/3. Mass calibration and
parameter optimization were enabled. Cysteine carbamidomethylation (+57.0215) and lysine
TMT labeling (+229.1629) were specified as fixed modifications, and methionine oxidation
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(+15.9949), N-terminal protein acetylation (+42.0106), and TMT labeling of peptide N
terminus and serine residues were specified as variable modifications.

For PTMome datasets other than glycoproteome, specific variable modifications were
additionally included: phosphorylation (+79.9663) of serine, threonine, and tyrosine residues
for phospho-enriched peptide search; acetylation (+42.01056) of lysine for acetyl-enriched
peptide search; and ubiquitination (+114.04293) of lysine for ubiquityl-enriched peptide
search. The search was restricted to tryptic peptides, allowing up to two missed cleavage
sites. Peptide to spectrum matches (PSMs) were further processed using Percolator to
compute the posterior error probability, which was then converted to posterior probability
of correct identification for each PSM. The resulting files from Percolator were converted

to pep.xml format, and with the PTM-enriched data set, pep.xml files were additionally
processed using PTMProphet to localize the expected modification sites. The resulting files
were then processed together to assemble peptides into proteins (protein inference) using
ProteinProphet run via the Philosopherl4® toolkit v5.0.0 to create a combined set of high
confidence protein groups. The combined prot.xml file and the individual PSM lists for each
TMT experiment were further processed using the Philosopher filter command as follows.

Each peptide was assigned either as a unique peptide to a particular protein group or
assigned as a razor peptide to a single protein group that had the most peptide evidence. The
protein groups assembled by Percolator were filtered to 1% protein-level False Discovery
Rate (FDR) using the target-decoy strategy and the best peptide approach (allowing both
unique and razor peptides). The PSM lists were filtered using a sequential FDR strategy,
keeping only those PSMs that passed the 1% PSM-level FDR filter, and mapped to

proteins that also passed the global 1% protein-level FDR filter. In addition, for all PSMs
corresponding to a TMT-labeled peptide, reporter ion intensities were extracted from the
MS/MS scans (with a 0.002 Da window) using Philosopher, and the precursor ion purity
scores were calculated using the intensity of the sequenced precursor ion and that of other
interfering ions observed in MS1 data (within a 0.7 Da isolation window). The PSM output
files were further processed using TMT-Integrator v4.0.546 to generate summary reports at
the gene level and modification site level. TMT-Integrator used the PSM tables generated
by the Philosopher pipeline as input and created integrated reports with quantification across
all samples. First, PSMs were filtered to remove all entries that did not pass at least one of
the quality filters, such as PSMs with (a) no TMT label; (b) precursor-ion purity less than
50%; (c) summed reporter ion intensity (across all channels) in the lower fifth percentile

of all PSMs in the corresponding PSM.tsv file (2.5% for phosphopeptide enriched data);

(d) peptides without phosphorylation (for phosphopeptide enriched data). In the case of
redundant PSMs (i.e., multiple PSMs in the same MS run sample corresponding to the same
peptide ion), only the single PSM with the highest summed TMT intensity was retained

for subsequent analysis. Both unique and razor peptides were used for quantification, while
PSMs mapping to common external contaminant proteins (included in the searched protein
sequence database) were excluded.

Next, for each PSM the intensity in each TMT channel was converted into a log2-based
ratio to the reference channel. The PSMs were grouped to the gene level, and the gene
ratios were computed as the median of the corresponding PSM ratios after outlier removal.
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Ratios were then converted back to absolute intensity in each sample by using the reference
gene intensity, estimated by the sum of all MS2 reporter ions from all corresponding

PSMs. To generate peptide-level and site-level tables, additional post-processing was applied
to generate all non-conflicting phosphosite configurations using a strategy similar to that
described in Huang et al.147. In doing so, confidently localized sites were defined as

sites with PTMProphet46 localization probability of 0.75 or higher. The same peptide
sequences but with different site configurations, i.e., different site localization configurations
or peptides with unlocalized sites, were retained as separate entries in the site-level

tables. In the peptide-level tables, different site-level configurations were combined into

a single peptide-level index, grouping PSMs with all site configurations together if they
corresponded to the same peptide sequence. The tutorial describing all steps of the analysis,
including specific input parameter files, command-line option, and all software tools
necessary to replicate the results, are available at https://github.com/Nesvilab.

Glycopeptide analysis: Raw files of the global proteome and glyco-enriched samples
were additionally searched for N-linked glycopeptides via MSFragger (version 3.8) and
Philosopher (version 5.0.0). Parameters were as described for whole proteome search,
except as follows. C12/C13 isotope errors of 0/1/2 were allowed, and methionine oxidation
(+15.99491) was the only specified variable modification for glyco-enriched samples.
Phosphorylation of serine, threonine, and tyrosine (+79.96633) was specified for phospho-
enriched samples. “Nglycan” search mode was used, restricting glycosylation sites to the
consensus sequence N-X-S/T, where X is any residue other than proline. A customized
human N-glycan database was used that contained 252 compositions148.149, Diagnostic
ion filtering for glycopeptide spectra was enabled with a minimum intensity threshold

of 10% and the following list of oxonium ions considered: 204.086646, 186.076086,
168.065526, 366.139466, 144.0656, 138.055, 512.197375, 292.1026925, 274.0921325,
657.2349, 243.026426, 405.079246, 485.045576, 308.09761. Glycan Y ions of 203.07937
and 406.15874 were included in the search, along with a remainder mass of 203.07937 on
peptide b and y ions (“b~/y~" ions). PSMs were further processed with PeptideProphet,
using the extended mass model with a mass width of 4000, as described in1%0. Protein
inference, FDR filtering, and reporter ion intensity extraction were accomplished as in the
whole proteome search.

Glycan assignment and glycan-specific FDR filtering were subsequently performed in
PTM-Shepherd as previously described®1. Briefly, possible glycan compositions given
the observed delta mass recorded by MSFragger were scored using the glycan fragment
ions observed in the spectrum and filtered to 1% FDR by comparison to spectrum-based
decoy glycans. Default settings were used except for consideration of a single ammonium
adduct on possible glycan compositions. PTM-Shepherd assigned glycan compositions and
confidence scores were written back to the PSM tables. The PSM output files were then
processed with TMT-Integrator!52 v4.0.5 to generate summary reports at the gene, protein,
peptide, site, and “multi-mass” levels from glycopeptide spectra. Multi-mass refers to the
combination of glycan and site, i.e., each distinct glycan identified at a given site generates
a separate entry. The PSM filtering and summarization processes were the same as for
whole proteome searches, with the exception of restricting the PSMs considered to those
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of glycopeptides and using the MSFragger-reported localization of the glycosite within
identified peptides rather than PTMProphet46.

Bridging and batch correction: Harmonization of genomics data was accomplished

by processing both CPTAC and ICPC genomic and transcriptomic data using the same
characterization pipelines. Some residual differences in the RNAseq data were minimized
(see “RNAseq data QC and filtering”), followed by batch correction to merge the CPTAC
and ICPC cohorts.

Merging the global proteome, phosphoproteome, and glycoproteome from the global
proteome data involved a series of bridging and batch correction operations to ensure

that the final comprehensive dataset used for analysis was consistent and free of batch
effects. The CPTAC.B1 and CPTAC.B2 cohorts used different common references (CR) and
were bridged based on a few replicates of the CPTAC.B1 CR included in the CPTAC.B2
cohort. Bridging was followed by batch correction to create the complete CPTAC.B cohort.
This cohort was then merged with the CPTAC.A cohort to create the combined CPTAC
cohort using bridging (via CPTAC.A CRs included in the CPTAC.B TMT plexes) and batch
correction. The ICPC.A and ICPC.B cohorts used the same CR and were combined to
create the ICPC cohort using batch correction. The CPTAC and ICPC cohorts were finally
merged using bridging (ICPC CRs were included in the CPTAC cohort) followed by batch
correction. The CPTAC and the ICPC datasets were further batch corrected separately for
tumor and NAT samples to remove residual cohort-specific batch effects (Figure S1A).

The acetylome was bridged and batch corrected in an identical manner except that this was
restricted to only the CPTAC cohort. Ubiquitylome data for the CPTAC cohort were run

in two batches with identical CRs and were combined simply by batch correction. ICPC
cohorts did not include acetylome or ubiquitylome profiling.

In all the above, bridging was accomplished by scaling the protein or PTM-site ratio in

the source dataset by the ratio of the source CR to target CR, thereby bridging the source
cohort to the target cohort. Batch correction was accomplished using the removeBatchEffect
function in the limma R packagel®3.

OmicsEV was utilized to investigate RNA and protein data quality before and after batch
correction using default parameters except for the cpu parameter, which was set to 4

to conserve memory®4. Median-normalized datasets for tumors from each cohort were
concatenated into a single matrix of gene level log ratios for each sample, and unlog
transformed data was used as input. In the sample list, both the batch and class were

set to represent the individual cohorts (CPTAC.B, CPTAC.A, ICPC.A, and ICPC.B for
RNA; for protein, CPTAC.B was separated into CPTAC.B1 and CPTAC.B2). However, to
conserve memory given the size of the combined cohort, machine learning-based prediction
of the class label was not performed. Relevant metrics from OmicsEV for assessing batch
correction included principal component analysis to determine the extent of batch effect
before and after correction as well as metrics to assess the impact of batch correction

on biological signal (“Correlation between proteins: within vs between protein complexes”
and “Co-expression network-based function prediction”). To further evaluate the quality of
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biological signal in the final dataset, OmicsEV was also used to compare the batch corrected
protein data to the batch corrected RNA data.

Unsupervised multi-omic clustering: We used non-negative matrix factorization
(NMF)-based multi-omic clustering using protein, phosphosite, RNA transcript and gene
copy number alterations (CNA) as previously described0131, Data from RNA expression,
CNA, proteome and phosphoproteome from 383 tumor samples were used as input for the
integrative multi-omic clustering. The CNA data was further filtered to only retain genes
significantly amplified or deleted (as determined by GISTIC2). All data tables were then
concatenated and all rows with missing values were removed. To remove uninformative
features from the dataset prior to NMF clustering we removed features with the lowest
standard deviation (bottom 5th percentile) across all samples. Each column in the data
matrix was further scaled and standardized such that all features from different data types
were represented as z-scores. The resulting data matrix of z-scores was converted into a
non-negative input matrix, as required by NMF, as follows:

1. Create one data matrix with all negative numbers zeroed.

2. Create another data matrix with all positive numbers zeroed and the signs of all
negative numbers removed.

3. Concatenate both matrices resulting in a data matrix twice as large as the original
but containing only positive values and zeros and hence appropriate for NMF.

The resulting matrix was then subjected to NMF analysis leveraging the NMF R-packagel®®
and using the factorization method described in16. To determine the optimal factorization
rank & (number of clusters) for the multi-omic data matrix, we tested a range of clusters
between k=2 and 8. For each &, we factorized matrix Vusing 50 iterations with random
initializations of Wand H. To determine the optimal factorization rank we calculated two
metrics for each & 1) the cophenetic correlation coefficient measuring how well the intrinsic
structure of the data was recapitulated after clustering and 2) the dispersion coefficient of
the consensus matrix as defined in17, measuring the reproducibility of the clustering across
50 iterations. The optimal Awas defined as the maximum of the product of both metrics for
cluster numbers between k=3 and 8.

Having determined the optimal factorization rank &; in order to achieve robust factorization
of the multi-omic data matrix V; we repeated the NMF analysis using 250 iterations with
random initializations of Wand A and performed the partitioning of samples into clusters as
described above.

The clustering method outlined above was also run on each of the individual single-omes
for gene-level CNA, proteome, phosphoproteome and RNA expression. Except for the
proteome, all other omes resulted in optimal clustering with A=4 clusters. For the proteome,
NMF clustering using 406 tumor samples identified three clusters. The cluster assignments
for the multi-ome clustering were compared to each of the single-ome clusters using Sankey
diagrams to underscore similarities and differences between the clusters.
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For functional characterization of clustering results by single sample Gene Set Enrichment
Analysis (ssGSEA), we calculated normalized enrichment scores (NES) of cancer-relevant
gene sets by projecting the matrix of signed multi-omic feature weights (Wsigned) onto
Hallmark pathway gene sets130 using ssGSEA1%8. To derive a single weight for each gene
measured across multiple omics data types (protein, RNA, phosphorylation site, CNA) we
retained the weight with maximal absolute amplitude. We used the ssGSEA implementation
available on https://github.com/broadinstitute/ssGSEAZ2.0 using the following parameters:

. gene.set.database = “h.all.v6.2.symbols.gmt”
. sample.norm.type = “rank”

. weight = 0.75

. statistic = "area.under.RES”

. output.score.type = “NES”

. nperm = 1000

. global.fdr = FALSE

. min.overlap = 10

. correl.type = "z.score”

To test the association of the resulting clusters to clinical variables we used Fisher’s exact
test (R function fisher.test) to test for overrepresentation in the set of samples defining the
cluster core as described above.

The entire workflow described above has been implemented as a module in PANOPLY159,
which runs on Broad’s Cloud platform Terra (https://app.terra.bio/). The docker containers
encapsulating the source code and required R-packages for NMF clustering and

sSGSEA have been submitted to Dockerhub (broadcptac/panoply_mo_nmf:1_3, broadcptac/
panoply_ssgsea:1 3).

Mapping of TCGA-derived LUAD subtypes: TCGA-derived LUAD subtypes from?
(LUAD Subtype) and3® (TCGA Subtype) were mapped onto the CPTAC-ICPC cohort by
building a classifier based on the TCGA RNA-Seq expression data. For LUAD Subtype, the
TCGA RNA data were filtered for genes with the top 25% standard deviation as described
in®. Missing values in the CPTAC-ICPC RNA data were imputed using the mice R package
by averaging over 15 multiple imputations. Then, the shared genes between the filtered
TCGA RNA data and the imputed CPTAC-ICPC RNA data (2909 genes) were used as input
for the classifier. Values were z-scored prior to building the classifier. Two classifiers were
trained on the TCGA RNA data using the randomForest and glmnet packages in R. The
glmnet classifier had the highest accuracy and was therefore used to predict subtypes for the
CPTAC-ICPC RNA. Samples with gimnet probability < 0.6 were considered “Unassigned.”
For TCGA Subtype, the TCGA RNA was filtered in the same manner as for LUAD Subtype.
Missing values in the CPTAC-ICPC RNA data were imputed using A-nearest neighbors
(k-NN). As for LUAD Subtype, two classifiers were trained, and the glmnet classifier had
the highest accuracy and was therefore used to predict subtypes.
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RBM10-mutant and ALK-fusion analysis: Differential expression analysis of RBM10
and ALK fusion was performed using limmal®3. Due to co-mutation with EGFR mutation,
differential expression analysis of RBM10was performed between RBMI0MUT EGFR
MUT and RBMI0WT EGFR MUT samples. Only RBMI10mutants resulting in truncated
protein products were considered. Other forms of RBM10 mutations were excluded from
the analysis. Differential expression analysis results of proteome and phosphoproteome were
subjected to GSEA160 and PTM-SEA6L, respectively.

Two external validation analyses were performed to confirm our findings in human and
mouse data, respectively. For the human data, RNAseq and sample mutation information

of the East Asian were downloaded from OncoSG34. Differential expression analysis using
Limma was performed, and the result was supplied to GSEA using the C2 gene set from the
MSigDB62, For the syRMB10 mouse model, GSEA was performed by reusing differential
expression results provided by the original authors3l, The mouse M2 gene set from MSigDB
was adopted163,

CLUMPS-PTM analysis: To investigate the role of PTMs in cancer patients, CLUMPS-
PTM was employed to detect clusters of correlated PTMs within protein 3D structures,
similar to the work done in the PTM-dedicated Pan-Cancer paper3®. This method is adapted
from the original CLUMPS approach for detecting significant clusters of mutations in

3D protein structures!®4, but modified to search for significant clustering of differentially
ubiquitinated, acetylated, or phosphorylated sites. The updates include: (1) Reconfiguring
the tool to recognize output from multiple mass spectrometry pipelines, including Spectrum
Mill and FragPipe, (2) Upgrading the Gencode pipeline to incorporate multi-PTM peptides,
rather than solely single ones, (3) Integrating the latest available PDB structures (as

of October 2023) and adding AlphaFold v4, (4) Adjusting the algorithm to include
ubiquitination sites.

Cell phenotype enrichment analysis: A random forest model6® was trained using
single-cell data from normal lung epithelial cells1®6, focusing on highly variable genes
(HVGs). To reduce bias from unbalanced sample sizes, 200 cells were randomly selected
from overrepresented clusters, such as the AT2 cluster. This model was then applied to
bulk RNA-seq data from CPTAC and an independent study’® to predict their closest
normal cell type. Due to the distinct data structures of single-cell and bulk datasets, a
rank-based inverse normal transformation167 was applied to both datasets to standardize
their distribution. Following this transformation, a random forest classifier'68 was used to
analyze the normalized data and predict the normal cell types with the highest prediction
score in the LUAD bulk RNA data.

Instability measure: To calculate the SegLen-Q3 measure of CIN, the lengths of CNA
segments were determined for each tumor sample. The 75th percentile of the segment
lengths was selected as the CIN measure for each tumor, as this percentile effectively
captures the population of 'large segments' present within a tumor sample. Alternative
percentiles, such as the median and 25th percentile, were also evaluated but did not
demonstrate any significant biological relevance. In particular, the median segment length
was deemed unsuitable due to the observation of binomial segment length distributions
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in numerous LUAD tumors. Consequently, the median size fails to accurately reflect the
presence of either large or short segments within these tumor samples. The 75th percentile,
in contrast, provides a more robust and biologically meaningful measure of CIN by focusing
on the larger segments that are likely to have a greater impact on tumor biology and hence,
was selected for the CIN measure.

Breakage Intensity-Clustering (BIC): To further break down the instability measure based
on segment length, BIC, a CIN measure based on properties of CNA segment breakpoints
(called breakpoints hereinafter), was developed. This measure focuses on the influence of
breakpoints on segment length distribution through their positional distribution (clustering
or dispersion) and occurrence rate. If breakpoints occur at a high frequency, the 75th
percentile length of the segments (SegLen-Q3) will decrease. Conversely, if breakpoints

are clustered together, the distribution of segment lengths will be skewed, affecting the
SegLen-Q3 measure differently than if breakpoints were uniformly distributed along the
genome

The rate of breakpoints was measured by counting the number of detected breakpoints per
tumor. To measure the breakpoints clustering, an adapted version of the K-ripley169 score
was used. The K-ripley score (Kscore) can be defined for any radius of ¢, where Kscore will
reflect the expected degree of clustering at a radius ¢of a randomly chosen breakpoint on the
genome. The one-dimensional Kscore is defined as:

K=21"1s = W_I(li,lj)I(dij<t)
ii#j

where A is the rate of breakpoints, /is the identity function and dj;is the distance between
the th and jth breakpoints. The W function is an ‘edge-correction’ function. When analyzing
a specific radius ¢ it is crucial to consider cases where the distance of breakpoint /to the
start of the genome is less than radius £ In such instances, the score may underestimate

the number of breakpoints at the radius # This underestimation occurs because, for the
distance beyond the edge of the genome, no breakpoints are counted, although theoretically,
breakpoints could have been present if the ith point was located at a distance greater than ¢
from the edge of the genome. To address this issue, the W function was introduced, which
is defined as 1 when ¢does not extend beyond the edge of the genome. In cases where
textends beyond the edge of the genome, Wrepresents the proportion of radius #that

falls within the genome length. By employing this approach, it is assumed that the length
extending beyond the genome edge has the same expected number of points as the region
within the genome.

In this study, Ky,morWas calculated for each tumor at the radius of 5Mb. We selected 5Mb

as the radius as it is large enough to capture the focal clustering of breakpoints without

going over the edge of chromosomes. For each tumor, K}, was also calculated, which is the
Kscore for a random distribution of points (from a homogeneous Gaussian process) with the
same A value as the tumor. The final measure of clustering is defined as ClustScore = Kyymor

- Knu//-
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Finally, both ClustScore and Intensity score of breakpoints were used to group tumors
into 3 main BIC groups: (1) ‘BIC-contiguous’ for tumors with high ClustScore, (11) ‘BIC-
fragmented’ for any tumor with low ClustScore and low Intensity score and, (I11) ‘BIC-
intense’ for any tumor with low clustering but high Intensity of breakpoints.

Both single resolution (InceptionResnet V1 and V2) and multi resolution (Panoptes4)170
deep neural network models were built to predict DNA instability features. All models were
trained to perform binary classification tasks. For BIC status, only low-clust-high-int and
high-clust samples were included as contrasting categories. For Q3, partial stable samples
were left out from the training set. Model performance was evaluated by cross validation
with training/validation/test ratio of 8:1:1. Mean and standard error of patient level AUROC
on the test split were calculated for models trained over 5 random splits. Metrics of the best
performing architecture were shown for each task.

Estimation of stromal and immune scores: ESTIMATEL"L was utilized to infer
immune and stromal scores based on RNA-seq data. Tumor purity was estimated via
TSNet!72 using immune and stromal signatures from171,

Immune signaling and deconvolution: To estimate the fraction of different cell
types in the tissue microenvironment, a multi-omic based deconvolution integrating
global proteomic and RNAseq data was performed using BayesDeBulk®2. To perform the
deconvolution, BayesDeBulk requires a list of cell-type specific markers for each cell type.
To derive cell-type markers, an extensive database of single-cell data including ~1M cells
from ~180 confirmed LUAD cases was leveraged to identify 57 unique cell types based
on a review of LUAD single cell literature. Markers between cell types were generated
using the scanpy sc.tl.rank gene_groups function. The &test-overestim_var method was
used for comparisons with Benjamini-Hochberg correction for multiple comparisons. For
BayesDeBulk estimation, 10,000 Markov-Chain Monte Carlo iterations (MCMC) were
considered. The estimated fractions were derived as the median between the MCMC
iterations after discarding a burn-in of 1,000 iterations.

Differential analysis of Hot and Cold tumors: A new analysis pipeline was
implemented to perform cell-type specific differential analysis to determine which
proteins/RNA were activated in tumor cells. Specifically, BayesDeBulk was used to estimate
the protein/RNA levels in tumor cells and immune/stromal cells of “Hot* versus “Cold”
tumors. For this analysis, CD8+/IFNG+ was utilized as the “Hot” subtype, while “CD8-/
IFNG-" was the “Cold” subtype. Considering this stratification, the expression level of the
j-th gene was modeled as the following function:

Vi, j= zr,-Xj’Hl(i € H)+ zz',-xj’cl(i eO)+ - Il'l‘)XJ" S/T
with rz;being the estimated tumor purity for sample 7 (/€ H)an indicator function equal
to 1 if the i-th sample belong to the Hot cluster and 0 otherwise; (/€ C) being an

indicator function equal to 1 if the i-th sample belongs to the Cold cluster and 0 otherwise;
and Xj 4 Xj ¢ X g being the expression of the /th gene in tumor cells of the “Hot”
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tumors, “Cold” tumors and immune stromal cells, respectively. Here, purity parameters were
considered as fixed and estimated via TSNet. BayesDeBulk was utilized in order to estimate
the parameters of this model, i.e., X; 1 X; ¢ Xj 5, and for each gene /. For BayesDeBulk
estimation, 10,000 Markov-Chain Monte Carlo iterations (MCMC) were considered. The
estimated parameters were derived as the median between the MCMC iterations after
discarding a burn-in of 1,000 iterations.

Pathway enrichment: For each MCMC iteration, a pathway score was computed as a
mean of expression z-scores of genes belonging to that pathway, separately for RNAseq and
protein data sets. The significantly enriched tumor-specific pathways in “hot” and “cold”
clusters were those that were simultaneously elevated (at 95% CI within the 9,000 MCMC
iterations) compared to the other cluster and compared to the immune/stromal component.

Single cell validation of pathway enrichment

Sample Selection: Samples were selected based on several criteria: lung biopsies with a
confirmed LUAD diagnosis that were confirmed non-enriched (without CD45+ immune
gating). For identification of tumor vs. adjacent normal biopsies, given that 65% of the
samples did not explicitly report on sampling location (i.e tumor versus adjacent normal
tissue) a qualitative analysis of the cell type fraction was used. This approach allowed for the
exclusion of samples that had an excess of normal cell types, such as ATII cells and alveolar
macrophages. Following this, cell type fractions across each patient were normalized to sum
to 100%, and samples were selected that contained at least a 5% total fraction of malignant
LUAD cells, resulting ih a cohort of 73 patients representing a total of 656,673 single cells.

Hot vs. Cold Segmentation Strategy: Upon analyzing these patients with respect to cell
type fraction differences, there was a distinct separation between samples with higher versus
lower immune-cell content, leading to the categorization of tumors as either “hot” or “cold”
on this basis. This categorization resulted in 33 patients from 10 independent publications
classified with low immune content (cold) and 40 patients from 13 independent publications
with high immune content (hot), providing a balanced division for differential expression
analysis. In terms of cell numbers, 57,006 LUAD single cells were classified as coming
from “cold” samples, while 14,373 LUAD single cells were classified as coming from “hot”
samples.

DE Approach: The analysis strategy involved a dual approach: examining malignant LUAD
cells both at the single-cell level and through a meta cell analysis, where the expression

of malignant cells was averaged by patient. For the differential expression analysis, a
nonparametric Wilcoxon rank-sum test was employed across ~25,000 genes, applying the
Benjamini-Hochberg method for adjusting p-values.

Identifying Immune Signaling Modules: For each patient, the differentially expressed
MRNAs and phosphosites were identified using Z-scored log-fold change comparing tumor
to NAT. The top up- and down-regulated 500 mMRNAs for each patient were converted into
gene sets and submitted for transcription factor (TF) enrichment analysis with ChEA3173,
The top up- and down-regulated 500 differentially phosphosites were then converted to
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protein sets and submitted for kinase enrichment analysis using KEA3%7. The returned ranks
from the enrichment analysis were adjusted based on a baseline distribution that is created
from random protein sets of size 500 with 1,000 replicates. Ranks were then adjusted
according to the following formula to create Z-scores to help mitigate the effect of set length
and the number of substrates or targets associated with each kinase or TF in the enrichment
analysis results:

—(observed_rank — baseline_mean)/baseline_SD

The next step identifies the kinases and TFs that mostly co-occur. This was achieved

by scoring co-occurrence in individual patients from the Hot and Cold patient groups,
respectively. Pairs are only scored if both the kinase and TF rank in the top 30 for the patient
according to the following formula:

(31 — [TF Rank])/30 + (31 — [Kinase Rank])/30

The most co-occurred kinases and TFs for both the Hot and Cold patient groups (top 1%)
are then visualized as heatmaps using hierarchical clustering. There are four heatmaps that
summarize the most common kinase-TF co-occurrences: kinases and TF that are enriched in
the up-regulated phosphosites and up-regulated mRNAs; kinases and TFs that are enriched
in the up-regulated phosphosites and down-regulated mRNAs; kinases and TFs that are
enriched in the down-regulated phosphosites and up-regulated mRNAs; and kinases and TFs
that are enriched in the down-regulated phosphosites and down-regulated mRNAs. We term
these heatmaps as up-up, up-down, down-up, and down-down.

From these heatmaps, clusters of kinases and TFs that occur more than once were extracted.
The regulatory relationships such as activation and inhibition are then inferred from

these clusters and visualized as a network, enabling the creation of a bipartite graph that
summarizes the relationships between kinase and TF modules in the Hot and Cold tumor
groups.

Validation of Kinase-TF associations: STAT4targets were sourced from Enrichr®
using the term search from three categories: Transcription, Pathways, and Diseases/Drugs.
This resulted in 18 sets describing STAT4 targets with a total of 2,248 genes in their union.
Processed gene set signatures of MAPKSE, MAPK12 MAPZK1, PTK6, TESKZ, and IGFIR
L.10007% CRISPR/Cas knockouts were downloaded from the SigCom LINCS website74,
The processed gene set signatures available from SigCom LINCS were computed using

the Characteristic Direction methodl’>. STAT4 targets’ overlap with each signature was
assessed with the Fisher exact test retaining any with a significant overlap. The overlapping
genes between significant signatures and the STAT4 targets were submitted to Enrichr88 for
analysis against the Reactome_2022 library, and those both significantly enriched for ‘Innate
Immune System R-HSA-168249’ and also appearing in the top three returned terms were
retained. Additionally, overlapping genes appearing in at least six of the retained signatures
were extracted and included in the diagram.
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Kinase enrichment in immune subtypes: To define upregulation of phosphosites in
tumor samples, we calculated normalized tumor sample intensity scores for all phosphosites
by adjusting tumor samples with the average of normal samples and standard deviation of
tumor samples within each cancer type in phosphoproteomic data. The top 500 upregulated
phosphoproteins were selected from the normalized tumor sample scores for each sample.
We then performed KEA3 rank analysis using the KEA3%7 consensus Appyterl6 on the
selected protein sets. Once derived, the kinase activity score for samples in one subtype was
compared to the activity scores for samples in the other subtypes via the Wilcoxon rank-sum
test. p-values were adjusted for multiple hypothesis correction via the Benjamini-Hochberg
method.

Outlier analysis: Since glycosylation data is known to be enriched for cell membrane
and extracellular matrix proteins, associations between immune subtype and protein
glycosylation were investigated by employing a previously developed outlier analysis
method’7 to investigate glycosylation data (Figure S4B). Meanwhile, to study the
difference between STK11-mutated tumors and S7TKZ1 wild type tumors, TMT-based
proteomic data, phosphoproteomic data, and RNA-Seq data were investigated. Differential
extreme value analysis (DEVA) performed using the blacksheepr Bioconductor package
facilitated the generation of SummarizedExperiment objects, followed by the execution of
the differential extreme value analysis (DEVA) with a fraction samples cutoff of 0.1. This
criterion ensured the inclusion of features with a minimum occurrence of 10% in the group
of interest as outliers. Outliers were identified as features (genes) with intensity values
surpassing the median plus 1.5 times the interquartile range (IQR) for each dataset. For
glycosylation and phosphoproteomic data, the aggregateFeatures parameter was set to TRUE
to aggregate data at the gene level. Furthermore, only genes exhibiting a higher frequency
of outliers in the group of interest compared to the outgroup were considered. Comparison
between the group of interest and the remaining samples was conducted using Fisher’s
exact test on outlier and non-outlier counts. Resulting p-values underwent correction for
multiple comparisons via the Benjamini-Hochberg method and False Discovery Rate (FDR)
correction. These procedures were adapted from outlier analysis methodologies outlined

in a prior CPTAC LUAD paper?. Subsequently, a list of outliers was generated with

a false discovery rate (FDR) cutoff of 0.05. Using this gene list, pathway analysis was
performed employing the enrichKEGG function from the R package clusterprofiler for
KEGG pathways and enricher for Reactome and Hallmark pathways.

Immune subtype and glycosylation: Outlier analysis (Figure S4B) was performed as
described earlier. In the glycosylation outlier analysis, both positive (overexpression) and
negative (low expression) outliers within the in-group (non-wild type immune subtypes)
were examined. Protein-protein interaction analysis was performed via uploading genes
that contributed to the observed downregulation of glycoprotein expression to the STRING
database (Figure S4E).

Analysis of STK11 mutant samples: To assess S7K11 mutation and neutrophil
degranulation (ND) association previously described!?, both an ND score and an
independent component analysis (ICA) score was calculated. For the ND score, the
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GSVAL78 score was calculated using the WP_Neutrophil_Degranulation gene set from
MSigDB62, The ICA score was calculated by using weights previously found to calculate
a weighted sum10. Additionally, the CIN70 scorel”® was calculated to assess chromosomal
instability across samples using RNAseq data. Enrichment of the ferroptosis resistance
gene set80 was calculated using differential expression analysis results of proteomic data.
Differential expression analysis was performed by limmal53 and further submitted to
GSEA60,

To compare STK11 mutant tumors across C1/C3 and C2 proteomic clusters, differential
expression analysis was performed across these two groups using limma. A covariate of
NRF2 pathway activity estimated via GSVA, similar to the ND score described above, was
further added when assessing STKZ1 MUT effect between C1/C3 and C2 (Figure S4L). The
NRF2 pathway gene set was fetched from the previous CPTAC LSCC study13L.

Network analysis based on phosphorylation: Phosphosites were clustered into
co-regulated phosphosite modules based on PhosphoDiscol8L, Briefly, phosphorylation
abundance was normalized for parent protein abundance using proteomic abundance.

Then the resulting normalized phosphorylation dataset was clustered using the HDBSCAN
method via the Python programming language hdbscan package. The two hyperparameters,
minimum cluster size and minimum core sample size, were both set to a value of 3.

Once clustering finished, there were a total of 62 unique modules containing two or more
phosphosites deemed statistically to co-regulate. A module score was then calculated for
each patient defined by the median abundance of the protein-normalized phosphosites
contained within that module. Module scores that were significantly different between
STK11WT and mutant were determined by an independent 2-sample T-test (Python
programming language, scipy package, stats module, ttest_ind method). To determine
significant signatures from PTMsigDB161 present in either STKZZ WT or mutant samples, a
Fisher’s enrichment test was calculated.

Carcinogen mutation signature analysis: To detect mutational signatures from
endogeneous and environmental carcinogens and their contributions in each tumor sample,
we first categorized the samples based on smoking status and the presence of oncogenic
EGFRand KRAS mutations. Then, non-negative matrix factorization (NMF) algorithms
were utilized to decompose the matrix of sample frequencies of somatic substitutions

into 96 mutation types!®6:182_ These types consist of six base substitution categories and
sequence immediately 5' and 3' to the mutated bases. To identify the mutational signatures
associated with endogenous carcinogens and environmental exposures, the identified
mutational signatures were matched to an in-house signature database that integrated

30 experimentally-derived human cancer signatures from the COSMIC databasel83 and
54 carcinogen signatures derived from human-induced pluripotent stem cell (iPSC)
models exposed to environmental carcinogens®°. The potential sources to contribute to
mutational signatures were identified by the highest cosine similarity. After decomposing
the somatic mutation matrix of 96 mutation types into carcinogen signatures, the carcinogen
contribution in each sample was estimated. To categorize the impact of carcinogens more
precisely, samples were first clustered based on their carcinogen contributions into 10
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subclusters using hierarchical clustering with Euclidean distance and the Ward linkage
method. Subsequently, considering the carcinogen contribution clustering results, sample
size, carcinogen categories, and their sources, we further classified samples into four

major carcinogenic clusters (CS), including two endogenous CS with best matches to the
COSMIC database (methylcytosine deamination CS, APOBEC CS) and two environmental
CS with high similarity to the iPSC models (nitrosylated polyaromatic hydrocarbon/
polyaromatic hydrocarbon (nitro-PAH/PAH) CS, nitrosamine CS). To investigate the impact
of carcinogens on clinical outcomes, the Kaplan-Meier method was used to estimate the
relapse-free survival probability and overall survival probability for different carcinogen
groups. The Cox proportional hazard model was utilized to assess the effect of carcinogen
groups.

Multiomics data integration using S-score: For integrative analysis, S-scores were
computed for each gene, protein, and phosphorylation site using the methodology described
by184. The S-score is a statistical measure that integrates multiple omics data types,
providing a unified significance score at the gene level.

Normalization and weighting: The first step involved normalization and weighting of
features within each dataset. For each feature (gene, protein, phosphosite) denoted by 7 in
dataset j (=1, 2, 3), the log fold change (/ogFC) value was transformed into a z-score (z))
using the following formula:

Zi(logFCij — ﬂj)/O‘j

where:
. Hjis the mean /ogFC value in dataset /
. ojis the standard deviation of /ogFC values in dataset /

Z-scores center and standardize the data within each dataset, allowing for comparisons
across datasets with different measurement units.

Next, a weight (1)) was assigned to each feature based on the inverse square root of the
number of observations (/7) in its dataset:

wj = 1/\/n_j

This weighting scheme ensured a fairer comparison across features within datasets of
varying sizes. The weighted z-score (2, for each feature in each dataset was then
calculated by multiplying z; by its corresponding weight (1):

Zyij = zi* wj

Combining Z-scores: For each gene, a combined weighted z-score (z.,,) was calculated by
summing z,;across all 3 datasets (transcriptome, proteome, phosphoproteome):

Cancer Cell. Author manuscript; available in PMC 2026 March 25.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Satpathy et al.

Page 41

3

Zewi = E Zwij
i=1

A combined weight w was then computed as the square root of the sum of squared wjfrom
all 3 datasets:

S-score Calculation: The S-score for each feature (S;) was derived by normalizing z,,,; by
W

Si = Zewil we

This normalization step ensured the S-score remains on a standard scale even when the
number of datasets being integrated changes.

Significance Testing: p-values were computed using the standard normal cumulative
distribution function, adjusted for two-tailed tests. This assessed the statistical significance
of the S-score. Finally, the Benjamini-Hochberg procedure was used to adjust p-values for
multiple testing, controlling the false discovery rate (FDR).

Network and Subnetwork Identification: The Prize-Collecting Steiner Forest (PCSF)
algorithm was utilized for network analysis, as outlined by185. This algorithm is particularly
suited for identifying relevant subnetworks within larger interaction networks, considering
both the connectivity between important nodes (terminals) and the cost of including
additional (Steiner) nodes.

In this implementation, the computed S;were leveraged as node prizes (S;= (1)) within the
PCSF framework. The network was represented as a graph G = (V, E), where Vis the set

of nodes (genes) and £is the set of edges (interactions between nodes). Each edge e € £
incurs a cost c(é)based on the corresponding interaction's experimental confidence derived
from the STRING database. Interactions with a combined score of = 0.7 were used to ensure
high-confidence interactions. The PCSF algorithm aims to find a subgraph G’ = (V/, E)
that maximizes the sum of the prizes collected from the included nodes (3 ./ A(V)) while
minimizing the total edge cost (} .z (€)). Here, A is a tuning parameter that balances

the trade-off between node importance (reflected by S-scores) and edge costs (representing
interaction confidence). This optimization problem can be formulated as:

max(Z, ¢ y’ p(v) — AZe ¢ E' c(e)).
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The resulting subnetwork, enriched with high-scoring nodes (terminals) and high-confidence
interactions, is likely to capture the most significant biological pathways and interactions,
providing valuable insights into the underlying biological mechanisms.

Activating Pathway Analysis by IPA: Differentially expressed proteins and
phosphosites were significantly selected by the comparison between different subgroups,
including clinical staging (stage I, 111-1V, or all), smoking status (smoker vs never-smoker),
sex, proteome subgroups (C1, C2, C3, or non-C2), or mutation-annotated carcinogen
signatures (nitro-PAHSs, PAHS, or nitrosamines) by Kruskal Wallis test, p-value < 0.05,

and Wilcoxon rank sum test, B.H. p-value < 0.05, as well as a cut-off value of absolute
log, abundance >1.3 in each group. To investigate functional activity of cancer-related
signaling pathways, we utilized Ingenuity Pathway Analysis (IPA, Qiagen) to examine

the significantly enriched canonical signaling pathways. The Z-score was used to infer

the activation state of implicated biological functions and signaling pathways, determined
by the “up” or “down” regulation of the observed proteins and phosphoproteins and a
literature-derived direction and effect (“activating” or “inhibiting”) of the proteins to the
pathways!86:187_ Statistical significance of the pathways was considered as absolute |z-score]
> 1 and B.H. p-value < 0.05 (calculated by a Fisher’s exact test). An interaction network
map and functional characterization of differentially expressed proteins or phosphoproteins
were constructed by the network generation algorithm of IPA and STRING database.

LUAD Cell Lines from DepMap NMF clustering: An XGBoost method was applied
to global proteome data filtered to retain proteins designated as tumor epithelium-specific
in deconvolution analysis to train a protein-based classifier. The Minimum Redundancy
Maximum Relevance (MRMR) algorithm was used for feature selection and evaluated

by the Monte-Carlo Cross Validation (MCCV) process 20 times. Each time, the dataset
was randomly split 70% for classifier training (7) and 30% for validation (/). During
classifier training, hyperparameters were tuned with 10-fold cross-validation within the
training set, 7. The trained classifiers were then evaluated with the validation set, V/
(different for each of the 20 repeats). The number of markers giving the highest mean
MCCV AUROC without meaningful numerical increases by adding more markers, which
in our case was 100 features, was selected to repeat the feature selection and classifier
building processes using all the data to produce a final fully trained, fixed model. This
model was then applied to TMT proteomic data for LUAD cell lines from the DepMap
resource (protein_quant_current_normalized.csv). Predictions were evaluated visually by
UMAP projection of tumors and cell lines using Hallmark protein ssGSEA scores.

Predicting Effective Drug Targets: Details of the method for prioritizing over-
expressed cancer dependencies as effective drug targets have been previously reported!’.
Briefly, drug target tiers are as follows: Tier 1 are the primary inhibited targets of

drugs approved for any cancer type by any regulatory agency, tier 2 includes primary
inhibited targets of drugs approved for any other indications, tier 3 includes targets
inhibited by investigational or experimental agents, tier 4 are targets of undeveloped
drugs but include protein families frequently targeted by small molecules, and tier 5
includes surface membrane proteins. Membrane proteins were also included as follows:
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The COMPARTMENTS database generates subcellular localization predictions for human
genes!®. A filter was applied for genes with “Plasma membrane” and “Cellsurface”
localization and a confidence score greater than or equal to 3. The Human Protein Atlas
(HPA) maintains a list of membrane proteins where a filter was applied for “Evidence at
protein level” and removal of genes with “Low tissue specificity.” From the DepMap Public
22Q2 files (https://depmap.org/portal), cancer cell line annotations (sample_info.csv) and
mutation data (CCLE_mutations.csv) were downloaded. LUAD cell lines were identified
from the cell line annotation file by applying the following filters: primary_disease =

“Lung Cancer”, lineage = “lung”, lineage_sub_subtype = “NSCLC_adenocarcinoma”.
Fusion annotations were also retrieved from DepMap along with ShRNA knockdown

gene effect scores from combined screens published by Broad’s Achilles, Novartis’

Project DRIVE, and the Marcotte et al. breast cell line datasets (DEMETER?2 Data

v6, D2_combined_gene_dep_scores.csv) and drug response data from Broad’s Profiling
Relative Simultaneously in Mixtures (PRISM) (PRISM Repurposing 19Q4). A one-
sample, one-tailed t-test was used to identify RNA/protein/activating phosphosite/acetylsite/
ubiquitylsite/glycosite candidates associated with significantly reduced cell growth
following gene knockdown. For those significantly increased omics candidates in tumors

vs corresponding NATs (adjusted p-value < 0.05, Wilcoxon rank sum test followed by
Benjamini-Hochberg adjustment) for specified LUAD subsets, a p-value of gene effect score
below zero lower or equal to 0.05 were defined as therapeutic target candidates.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical parameter reporting: All relevant statistical parameters for the analyses
performed in this study such as sample size (7), center and spread (e.g. mean/median,
standard deviation/error), statistical tests (e.g. two-sample #test) and significance cutoffs
(e.g. adjusted p-value < 0.05) are reported in the main text, figure legends, STAR Methods,
and/or supplementary information. Where appropriate, methods used to determine the
validity of certain statistical assumptions are discussed within this section.

ADDITIONAL RESOURCES

The CPTAC program website, which includes details about program initiatives,
investigators, and datasets, can be accessed at: https://proteomics.cancer.gov/programs/
cptac. All PDC accessions associated with this study can be accessed at: https://
pdc.cancer.gov/pdc/cohort/cptac-icpc-luad.
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Highlights:
Genomic fragmentation is a prognostic hallmark of LUAD.
Carcinogens influence signaling in tumors and adjacent tissues.
Proteomic clustering finds early-stage LUAD with advanced features.

Integrating proteogenomics and screens nominates potential drugs for LUAD
subtypes.
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Figure 1. Proteogenomic landscape of the CPTAC and ICPC cohorts
A. Left: Summary of included samples and -omes. Sample numbers are stratified into

tumor and normal adjacent tissue (NAT). The -omes available are listed to the right of each
cohort (ICPC, top; CPTAC, bottom). * denotes that glycoproteome data is available only
for the CPTAC.B cohort. Right: Distribution of selected annotations across 406 patients
profiled in this study. All annotations are self-reported except for EGFR mutation, which
was determined using whole exome mutation calls. “Unknown” denotes that the data were
not reported, or in the case of EGFR mutation, that mutation calls were not available for

those samples.
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B. Oncoplot of mutations of interest across the cohort of 406 patients. TMB per MB:
Tumor Mutation Burden per Megabase. Selected mutation calls are grouped together in the
following categories: RAS Family (HRAS, KRAS, NRAS); RAF Family (ARAF, BRAF,
RAFI); TKI Fusion (ALK, RET, ROSI).
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C. Cell-of-origin analysis across the 402 tumor samples for which RNA-seq passed QC.
The 402 samples are grouped based on mutation status. An additional 14 squamous samples
collected and analyzed under the auspices of this study were included exclusively in this
analysis.

D. Multi-omic NMF clustering across 383 tumor samples with available RNA-seq, copy
number variation, proteomic, and phosphoproteomic data.

E. Clinical annotations significantly enriched in each multi-omic cluster. Color represents
nominal p-value from Fisher's exact test on the NMF consensus core samples. Annotations
shown have nominal p-value < 0.01 in at least one of the clusters.

F. Gene Set Enrichment Analysis (GSEA) on the four multi-omic clusters. Heatmap shows
the Normalized Enrichment Score (NES), which is derived from the feature weights for each
cluster. * indicates significant enrichment at adj. p<0.01.

See also Figure S1 and Tables S1 and S2.
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Figure 2. Impact of mutation and PTMs on downstream signaling and structure
A. GSEA result of protein-level differential expression analysis comparing RBM10

truncated mutation tumors versus RBMI0WT in the context of EGFR mutation.

B. Post-translational modification-Signature Enrichment Analysis (PTM-SEA) showed
splicing kinase- and pathway-associated phosphorylation enrichment.
C. Differentially expressed features between RBMI0mutant and WT tumors in the context
of EGFR mutation at the levels of proteome and phosphoproteome.
D. Differential features between ALK fusion and WT tumors at the level of proteome and

phosphoproteome.

E. Candidate pY sites and their abundance in a range of cell lines treated with driver-
matched kinase inhibitors including ALK-fusion LUAD cell lines treated with the ALK
inhibitor ceritinib. pY sites were downregulated upon kinase inhibition specifically in the
ALK lines, and in a time dependent fashion (6 and 24 hours).
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F. Rank plots showing protein abundance (indicated by signed —log10 p-value) in candidate
pY vs. unmodified peptide pull-downs. The red dots show known ALK interactors in the
BioGRID databasel?®. Key interactors are indicated in the panel.

G. Bubble plot representing CLUMPS-PTM results. Phosphoproteome shows clustering
results for both ICPC and CPTAC cohorts; acetylproteome and ubiquitylproteome results are
shown for the CPTAC cohort. Red circle: Significant results: permutation test, adj. p<0.1.
H. HSPB1 phosphorylation cluster on 3D crystal structure (cyan, PDB ID: 6DV5-A, left).
Violin plots showing relative protein abundances of AKT1 between £EGFR mutant and wild
type (right). In boxplots inset in violin plots, the centerline represents median; box bounds
represent 25th and 75th percentiles; whiskers represent minimum and maximum; and filled
points represent individual data points.

I. MDH1 acetylation cluster on 3D crystal structure (cyan, PDB ID: 4WLE-A). Highly
differentially expressed acetylation sites are denoted by bright pink.

J. PSMAGS ubiquitylation cluster on 3D crystal structure (cyan, PDB ID: 5GJQ-F, left).
Violin plots showing protein abundances of PSMAGS across the proteomic NMF clusters
(right). In boxplots inset in violin plots, the centerline represents median; box bounds
represent 25th and 75th percentiles; whiskers represent minimum and maximum; and filled
points represent individual data points.

See also Figure S2 and Table S3.
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Figure 3. Genomic instability in LUAD and its impact
A. Distribution of CNV segment lengths for each sample. Each column on the x-axis

represents one sample and the colors represent the density of the segment length for that
sample. Samples are sorted based on 75th percentile of segment lengths. Samples on the left
with a high density of large segments represent “Full-stable” and samples on the right with a
high density of short segments represent “Unstable”.

B. Kaplan-Meier (KM) survival curves showing the overall survival of patients, stratified by
SegLen-Q3. P-value obtained using log-rank test.

C. Comparison of recurrently amplified regions in unstable (top) and fully stable (bottom)
tumors.

D. Classification of tumors according to their breakpoint intensity (x-axis) and clustering
score (y-axis) to derive BIC groups. Tumors are categorized into three groups: tumors

with highly clustered breakpoints (Contiguous), tumors with low clustering and intensity of
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breakpoints (Fragmented), and tumors with low clustering and high intensity of breakpoints
(Intense).

E. KM survival curves showing the overall survival of patients, stratified by BIC. Tumors
with high clustering show exceptionally good survival independent of their breakpoint
intensity. In groups with low clustering, high intensity of breakpoints results in worse
outcomes. P-value obtained using log-rank test.

F. The proportion of tumors with NKX2-1 amplification (red) and null expression (blue).
Tumors with amplified NKXZ2-1 show significant enrichment in the BIC-intense group.

G. Proliferative activity of tumors stratified by NKX2-1 amplification (left) and expression
(right) status. Proliferative activity is measured by ssGSEA analysis of RNA expression for
the HALLMARK_G2M_CHECKPOINT230 pathway. P values are based on the Wilcoxon
Rank Sum test. In boxplots, the centerline represents median; box bounds represent 25th
and 75th percentiles; whiskers represent minimum and maximum; and filled points represent
individual data points.

H. Transcriptional state of tumors stratified by BIC groups. The BIC-intense group shows a
reduced contribution of the AT2 phenotype.

I. Log?2 fold changes of genes from differential expression analysis comparing BIC-intense
to other tumors at both RNA (x-axis) and protein (y-axis) levels.

J. IGF2BP3 IHC and H&E staining shows heterogeneous protein expression of IGF2BP3

in case-3 (partial stable LUAD), uniformly strong expression in case-1 (unstable), and
complete abrogation of IGF2BP3 expression in case-4 (full stable). (IHC; H&E). Scale bar =
50um.

K. Independent validation in 3 patient TMASs reveals higher IGF2BP3 expression in
metastatic LUAD compared to primary LUAD and primary LSCC. Also noteworthy is the
absence of IGF2BP3 in benign lung parenchyma cores. In boxplots, the centerline represents
median; box bounds represent 25th and 75th percentiles; whiskers represent minimum and
maximum; and filled points represent individual data points.

L. Expression of /GF2BP3 (RNA) in LUAD patients from ICGC/PCAWG, stratified by
instability. In boxplots, the centerline represents median; box bounds represent 25th and
75th percentiles; whiskers represent minimum and maximum; and filled points represent
individual data points.

M. KM survival curves showing the overall survival of non-squamous patients treated with
the anti-PDL1 antibody MPDL3280A, stratified by /GF2BP3RNA expression in the OAK
trial. P-value obtained using log-rank test.

N. PD-L1 (CD274) protein expression in the CPTAC cohort stratified by BIC status. In
boxplots, the centerline represents median; box bounds represent 25th and 75th percentiles;
whiskers represent minimum and maximum; and filled points represent individual data
points.

O. Correlation of IGF2BP3 protein expression and average IGF2BP3 promoter methylation.
See also Figure S3 and Table S3.
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Figure 4. Immune landscape of LUAD
A. Cell type fractions estimated via multi-omics-based deconvolution analysis (top), protein

(middle), and RNA expression (bottom) of cell type-specific markers. The annotation

tracks show immune subtypes derived from proteogenomic data, immune score derived via
ESTIMATE from RNA-seq data, tumor purity derived via TSNet from RNA-seq data, tumor
purity estimated from CNV data, and various clinical and mutation parameters.

B. Bubble plot showing summary statistics of association analyses between immune
subtypes and biological pathways (from Hallmark, KEGG and Reactome). Bubble size
corresponds to adjusted p-value (Wilcoxon test, —log10 scale), while bubble color
corresponds to the difference between the averaged pathway score for samples in a particular
immune subtype and that of samples allocated to other immune subtypes.

C. Bubble-plot showing the association analysis between immune subtypes and kinase
activity score for tumor samples. The color of the bubble corresponds to the average kinase
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activity score in a particular immune subtype, while the size of the bubble corresponds to the
adjusted p-value (Wilcoxon test, —log2 transformed). Associations significant at 10% FDR
are denoted with an outer black circle.

D. Focal adhesion-related kinase cluster associated with immune-related TF cluster in Hot
tumors. The bar plots show experimental validation via the LINCS L1000 database. The
leftmost blue bar chart shows the enrichment of Innate Immune System Reactome pathway
in the set of genes upregulated after kinase CRISPR-Cas knockouts from the LINCS L1000
dataset (p-values from Fisher’s exact test). The centered bar chart shows the enrichment of
STAT4 targets in the set of up-regulated genes after L1000 kinase knockouts. The rightmost
chart displays the number of overlapping genes between STAT4 targets and the set of up-
regulated genes after L1000 kinase knockouts. The red vertical line in the bar plots denotes
significance (p = 0.05). Cell lines are in parentheses and their primary disease associations
are: A549: Lung Cancer, AGS: Gastric Cancer, YAPC: Pancreatic Cancer, BICR6: Head and
Neck Cancer, A375: Skin Cancer, ES2: Ovarian Cancer, HT29: Colon/Colorectal Cancer,
MCFT7: Breast Cancer, U251MG: Brain Cancer.

E. Cell-type specific pathway analysis to characterize pathway activation in tumor cells of
Hot and Cold tumors based on RNA (left) and proteome data (right). The heatmap shows the
average pathway score for each cell type (i.e., tumor cells of Hot tumors, tumor cells of Cold
tumors and immune/stromal cells.

F. Selected glycosites stratified by immune subtype. P-values from the Wilcoxon test

are reported. Asterisks represent p-values<0.001. In boxplots, the centerline represents
median; box bounds represent 25th and 75th percentiles; whiskers represent minimum and
maximum; and filled points represent outliers.

G. Neutrophil infiltration stratified by immune subtype. P-values from the Wilcoxon test are
reported. Asterisks represent p-values<0.001. In boxplots, the centerline represents median;
box bounds represent 25th and 75th percentiles; and whiskers represent minimum and
maximum.

H. KM curves of progression-free survival stratified by immune subtypes. P-value from a
log-rank test is reported.

I. Association between STKZ1 mutation status and fraction of different cell types in tumor
samples. P-values from the Wilcoxon-rank-sum test are reported. In boxplots, the centerline
represents median; box bounds represent 25th and 75th percentiles; and whiskers represent
minimum and maximum.

J. CDA47 stratified by S7K11 mutation status and NMF proteomic subtype. P-values from the
Wilcoxon test are reported. Asterisks represent p-values<0.001. In boxplots, the centerline
represents median; box bounds represent 25th and 75th percentiles; whiskers represent
minimum and maximum; and filled points represent outliers.

K. Scatter plot showing molecular aberrations between C1/C3 S7TKZI-mutant vs C2 STK11-
mutant samples.

See also Figure S4 and Table S4.
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Figure 5. Environmental Carcinogens Synergistically Induced LUAD Development.
A. Ten mutation-based subclusters (Figure S5A) are condensed into four major mutagen/

carcinogen groups based primarily on the relative contribution of nitro-PAHs (dark blue),
PAHs (light blue), nitrosamines (green), APOBEC (yellow) and methylcytosine (gray)

signatures. A mixed cluster is indicated in white.

B. Summary of association of environmental carcinogens with clinical features and

gene mutations. Tumor samples are categorized into four groups based on the relative
contribution of exogenous carcinogen signatures: PAHs/nitro-PAHSs high, PAHs/nitro-PAHSs
low, Nitrosamines high, and Nitrosamines low. Clinical features with significantly different
enrichment between these groups are annotated and marked with an asterisk. (Fisher’s exact

test, adj. p<0.05).
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C. Summary plot showing different endogenous mutagen and exogenous carcinogen
signatures (x-axis) in tumors and their enriched £EGFR and KRAS mutations segregated
by smoking status (y-axis).

D. KM plot showing significant differences in relapse-free survival (log-rank test, p<0.001)
between the four carcinogen groups defined in Figure 5A.

E. Forest plot of the impact of carcinogen groups on relapse-free survival using the Hazard
ratio (HR) with 95% confidence interval (CI).

F. KM plot showing significantly worse relapse-free survival (log-rank test, p=0.018) in
patients in the high compared to low nitrosamine signature group.

G. Canonical pathway activation (activating z-score >1, adj. p<0.05) based on Ingenuity
Pathway Analysis of proteins differentially expressed (Fisher's exact test, adj. p<0.05) in
NATSs from patients in the PAHs/nitro-PAHSs and nitrosamine carcinogen signature groups.
H. Signaling pathway enrichments in high smoke-exposure score (HSS) NATSs based on a
protein-protein interaction network derived from proteins differentially expressed between
HSS and low smoke-exposure score (LSS) NATs and partitioned into 19 strongly intra-
connected modules (hypergeometric test, adj. p <0.05, STAR methods).

I. Upregulated proteins and phosphosites associated with metabolic imbalance and chronic
inflammation from NATSs with HSS, mostly contributed by samples with PAHs/nitro-PAHs
signatures (adj. p<0.05). The protein interaction networks and functional categories are
represented as connecting lines according to the STRING database.

See also Figure S5 and Table S5.

Cancer Cell. Author manuscript; available in PMC 2026 March 25.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Satpathy et al. Page 69

S, Cochogenguup EGFRARAS Smokingstatus S smoker +p<005
A g T B §, oo mume  dolipie  pede e oo
- &3 Froen i M Fomersmoker  HSS:smoke exposure score > 015 |NP:iroPAH 12 P
PAH/ 454 £ Nivcsemine [KRAS Mut Neversmoker  LSS: smoke exposure score < 0.15 " p<0.0001
Nitrosaming § nitro-PAH &
g * BHFDR<0.05 a &
2 )
§32 5 B33 commenramon 3 v ﬁsm sou
M T Major pathway of rRNA processing = ‘
+| cellcycle checkpoints H ‘
[ «| HiF1alphasignaiing 5 =|° ‘>< o o
*| mToRsignaing H
) « | Xenobiotic metabolism AHR pathway £
| Tumor microenvironment pathway 3
+ | Detoxification of ROS £ oo . T
« | Degradation of the extracellular matix Peomond sk immune ell cycle
8 12 onsing o proiiferation EMT and Metastasis
« | MHC class 1 antigen presentation
+ | BCR signaling PpreNtt NRAS WNT2 ADAMTSS 1TeAs
. 3= | Neutrophil degranulation [ nganﬂ = F 5 -~ 2
. =+ | MHC class Il antigen presentation binding i | |
- # | Mitochondrial fatty acid beta-oxidation of * x x5 3 *
: e oo = ofTE g . ¥
- 1L-22 signaling = ‘
. MAPK targets! nuclear events N |
. UVB-induced MAPK signaling 2 ,, N R P N N 5w o 5w No P W N P N e
ERBB signaling i crerer o
L Signaling by NTRK1 (TRKA) e mwm Mo MCMs FMOD SERPINE1
C Function = (Phase | enzyme) L ‘ | [ T = "
immune > g |
8 Melabolism = * =] TR JRE *
g 2 Melastasis 2 “ T‘ | 111 o
802 Cell death & sunvival 2 | '] L 1 o
2250 », 89 i Devuscarn L %’,,75 bR PN o PN Ne P NP Ro
3588 8422 & (Phase Il enzyme) e o
£36% 502 g UGT1A6 NQO1 cstz1 MCMS MMPS MMPY
- 0 - =t
- o i [ 1
ONC,TSG | * | g( L |
| of
= x%= XXougy J2Xs oXExPo
Ts6 | 1 il | | |
P WM P W PN R 5N o PN o P WP R
Log, abundance
NA &
2 o 2 2
E Fold change  * differential proteins in nitro-PAHPAH tumors & _ & . *
8g = &
08 0 08 EE?’EE.‘ sxx BETLE T2 &
E5C<XQa-C80x 5028552828
28358 xssg'"§;§$ssg°szssw
™ !.A!.aaai:oé 2R Ea8FE88YISE
oor| N Dﬂl |
# . Ak 2N
H el L] m Smw
- | | |
9
= we| N B _EE
opetabolism
R signaling
Cell cycle & prollferatlon ----- .---.--.-
Metastasis L
EMT
—t 1-NP (nitro-PAH) BaP (PAH) 1-NP (nitro-PAH) BaP (PAH)
T _1207-0uM = 1pM a5uM & 107, . . = 20 = 20 x
= 2 S N . OM = 1M a5 EP _ -
D 24 —_ o — & S Lo +
S T o = g¥w 3 10
£s0 “ E:in i
2 o 2 g
3 3 b 2fw S w0
<3 o] g = H
0 8 12 Hours ‘o 8 12 Hours 0 1 5 M ]
g™ i « 120, - T w0 —— 150
D EGFR signaling nE: b4 100- = N 100 1_ 5 g £
Cell cycle_iniation of mitosis | @ &3 & © = &3 100 g
£ w o e 0
Cell cycle_The metaphase checkpoint o3 . = © wg w 2
] -
Cell cycle_DNA replication initiation 3 § % ﬂ pid ﬂ 2 2 gso
WNT signaling in lung cancer progression o= < o a-= [ibl =
Intra S-phase checkpoint () 9 s 12:Hotky I H°”” 0 1 5M 15 M
P53 activation by DNA damage H
Keratin fiaments | @) @ @ 150 o —_
Rogulaiondl acin oftosilstonorgnizaton | @) ) @) g q‘_
by kinase effeclors of Rho GTPases s s .
Integrin-mediated cell adhesion and lmgrsllon = 0 4 =
Regulation of EMT H
TF-beta-dependent inducion of 3 w0
EMT via SMADS i
1015 30 NP BaP INP BaP 3
1324 NP Ba; 3
(X ) s Asao PCO T T b5 1 eem
Proteincount  -Log10 (FOR) _— g
A549 P

=
KRASmut  EGFRmut

Figure 6. Nitrosamines and Nitro-PAHs/PAHSs carcinogens promote different cancer-relevant
pathways

A. Canonical pathway activation (activating z-score >1, adj. p<0.05) based on Ingenuity
Pathway Analysis of proteins differentially expressed (Fisher's exact test, adj. p<0.05) in
tumors from patients in the PAHs/nitro-PAHSs and nitrosamine carcinogen signature groups.
B. Differential protein expression profiles demonstrate the impact of specific carcinogens
on LUAD tumors. Comparison between tumors manifesting high or absence of nitrosamine
signatures (upper panel) or between high, low, or absence of PAHs/nitro-PAHSs signatures
(lower panel; Table S6) reveal activation of organonitrogen/aromatic compound metabolic
processes, immune response, tumor progression and metastasis (activating z-score >1;
Fisher's exact test, adj. p<0.05). Specific enriched proteins and phosphosites (Fisher's

exact test, adj. p<0.05) underpinning shared carcinogenic processes are color-coded for

the associated carcinogen signature (nitrosamine, green; PAHSs, light blue; nitro-PAHSs, dark
blue). Vertical tracks annotate smoking status and key driver mutations (EGFR and KRAS)
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for the carcinogen groups. Asterisks represent p-values (Wilcoxon rank sum test, * p< 0.05,
** p<0.01, ***p<0.001 and ****p<0.0001).

C. Protein biomarker candidates differentially upregulated in tumors with HSS or LSS
from self-reported smokers or never-smokers (Kruskal Wallis tests, adj. p<0.05) further
filtered for the ability to distinguish between any two groups (Wilcoxon rank sum test, adj.
p<0.05). The vertical tracks annotate proteins as kinases, glycosylation-regulated enzymes,
oncogenes, tumor suppressors, or immune response markers (ONC, oncogene; TSG, tumor
suppressor gene.)

D. Metacore pathway analysis of differential proteomic and phosphoproteomic profiles of
1-NP- (5 uM) or BaP- (5 uM) treated A549 and PC9 cells. The differential protein numbers
in the enriched pathways (Fisher's exact test, adj. p<0.05) are presented by the bubble plot.
E. Selected proteins or phosphosites from differential expression profiles of 1-NP- and
BaP-treated A549 and PC9 cells, with tracks showing enriched functions in metabolism,
EGFR signaling, cell cycle and proliferation, metastasis or EMT from Metacore pathway
analysis. Asterisks indicate proteins consistently regulated in nitro-PAHs and PAHs tumor
signatures.

F. Migration ability of lung cancer cells treated with carcinogens 1-NP and BaP. For panels
F, G, and H, at least two independent experiments were performed, data are presented as
mean + SD, and p-values were determined by one-way ANOVA followed by Dunnett's
multiple comparisons test. Asterisks indicate p< 0.05.

G. Invasion ability of lung cancer cells treated with carcinogens 1-NP and BaP. Asterisks
indicate p< 0.05.

H. Cell proliferation assay for lung cancer cells treated with carcinogens 1-NP and BaP.
Asterisks indicate p< 0.05.

See also Figure S6 and Table S6.
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Figure 7. Proteomics Clustering Identifies Advanced Molecular Features Driving Late-like
Early-stage LUAD

A. KM plots for relapse-free survival in tumors of stages I-I11 (left) and stage I alone (right)
(log-rank test, p<0.001).

B. Summary of activated canonical pathways (activating z-score >1; Fisher's exact test, ad].
p<0.05) based on Ingenuity Pathway Analysis of proteins differentially expressed in tumors
of all stages (I-1V, left), C1-C3 clusters including tumors of all stages (center), and C1-C3
clusters subsetted for stage | tumors only (right).

C. Summary of activated canonical pathways (activating z-score >1; Fisher's exact test;
asterisks indicate Benjamini-Hochberg adj. p<0.05) based on Ingenuity Pathway Analysis of
proteins differentially expressed in C2 vs non-C2 tumors of all stages (I-1V, left) and stage |
alone (right), separated by smoking status.

D. Top 30 candidate protein biomarkers significantly enriched in “late-like” early-stage
tumors in the proteomic C2 subtype (Fisher's exact test, adj. p<0.01). The log, and relative
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abundances in stage I-1V or stage | in the C2/non-C2 subtype, —log p-value, protein function
and annotation of these candidate biomarkers are presented.

E. Sex-specific differences in the incidence frequency (x-axis) and median values of
mutagen/carcinogen exposure signatures (y-axis) in proteomic clusters C1-3 (p-values from
Fisher’s exact test).

F. Sex-dependent mutagen/carcinogen signature distributions within the proteomic C2
subtype. Lower tracks show clinical and mutational annotations.

G. Summary of shared and sex-specific enrichment of activated pathways in the C2
proteomic subtype (left). EGFR and BCR signaling-related proteins as well as the
immunoproteasome are highly activated in C2 females, while C2 male patients have
upregulated KRAS pathways and standard proteasome proteins. Shared activating proteins
in the C2 subtype are involved in immune response, cell death and survival, metabolism, and
metastasis (right).

See also Figure S7 and Tables S1 and S7.
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Figure 8. Candidate drug targets and biomarkers with potential translational utility
A. Plots depicting the top 15 potentially druggable targets identified in LUAD subtypes.

B. Relative abundance of EGFR protein (top panels) and EGFR_K716 ubiquitylation sites
(middle panels) in tumors and corresponding NATSs in EGFR-WT and EGFR-mutant tumors
(p-values derived from Wilcoxon rank-sum test) and EGFR shRNA dependency scores
from DepMap (lower panels; lower scores indicate greater dependency). In boxplots, the
centerline represents median; box bounds represent 25th and 75th percentiles; whiskers
represent minimum and maximum; and filled points represent outliers.

C. Same as in (B) except depicting CSF1R protein and CSF1R_K812 ubiquitination sites.
Statistical analyses and boxplots are as described in (B).

D. Boxplots comparing response to a HSP90AAL1 inhibitor, tanepsimycin (PRISM) in
STK11-mutated or -WT LUAD cell lines. P-value derived from t-test. In boxplots, the
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centerline represents median; box bounds represent 25th and 75th percentiles; whiskers
represent minimum and maximum; and filled points represent outliers.

E. Potentially druggable targets for NMF proteomic cluster C1 tumors as defined by
candidate upregulation in tumors vs paired NATs using multiple proteomic and PTM data
types and a CRISPR effect score below zero in cluster-matched LUAD cell lines. The top
15 overexpressed, targetable dependencies are labeled. Numbers in the bottom right corner
indicate the total number of overexpressed dependencies and targets from each drug target
tier.

F. Same as in (E) except for NMF proteomic cluster C2 tumors.

G. Same as in (E) except for NMF proteomic cluster C3 tumors.

H. Summary of major translational findings from this study.

See also Figure S8 and Table S8.

Cancer Cell. Author manuscript; available in PMC 2026 March 25.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Satpathy et al.

Key Resources Table

Page 75

REAGENT or RESOURCE

SOURCE

IDENTIFIER

Antibodies

PTMScan® Ubiquitin Remnant Motif (K-
-GG) Kit

Cell Signaling Technology

Catalog #59322, 5562

PTMScan Acetyl-lysine Kit

Cell Signaling Technology

Catalog: 13416

Rabbit Monoclonal IgG Human IGF2BP3

Abcam

Catalog No. ab179807, RRID: AB_2889895

GAPDH

Cell Signaling Technology

Catalog: 3683

Biological samples

Primary tumor samples

This paper

Table S1

Tissue microarrays (TMAS)

Rodriguez et al. 58

N/A

Chemicals, peptides, and recombinant proteins

HPLC-grade water J.T. Baker Catalog: 4218-03
Urea Sigma Catalog: U0631
Sodium chloride Sigma Catalog: 71376

1M Tris, pH 8.0 Invitrogen Catalog: AM9855G
Ethylenediaminetetraacetic acid Sigma Catalog: E7889
Aprotinin Sigma Catalog: A6103
Leupeptin Roche Catalog: 11017101001
Phenylmethylsulfonyl fluoride Sigma Catalog: 78830
Sodium fluoride Sigma Catalog: S7920
Phosphatase inhibitor cocktail 2 Sigma Catalog: P5726
Phosphatase inhibitor cocktail 3 Sigma Catalog: P0044

Dithiothretiol, No-Weigh Format

ThermoScientific

Catalog: 20291

lodoacetamide

Sigma

Catalog: A3221

Lysyl endopeptidase

Wako Chemicals

Catalog: 129-02541

Sequencing-grade modified trypsin Promega Catalog: V511X
Formic acid Sigma, Fluka Catalog: FO507, 56302
Acetonitrile, LC-MS grade Honeywell Catalog: 34967
Acetonitrile, anhydrous Sigma Catalog: 271004
Trifluoroacetic acid Sigma Catalog: 302031

Tandem Mass Tag reagent kit — 11plex

ThermoFisher

Catalog: A34808

0.5M HEPES, pH 8.5 Alfa Aesar Catalog: J63218
Hydroxylamine solution, 50% (vol/vol) in Aldrich Catalog: 467804
H,0

Methanol Honeywell Catalog: 34966
Ammonium hydroxide solution, 28% (wt/ Sigma Catalog: 338818
vol) in H,0

Ni-NTA agarose beads Qiagen Catalog: 30410
Iron (111) chloride Sigma Catalog: 451649
Potassium phosphate, monobasic Sigma Catalog: P0662
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Potassium phosphate, dibasic Sigma Catalog: P3786
MOPS Sigma Catalog: M5162
Sodium hydroxide VWR Catalog: BDH7225
Sodium phosphate, dibasic Sigma Catalog: S9763

Phosphate-buffered saline

Fisher Scientific

Catalog: 10010023

Discovery CC1

Roche-Ventana Medical
System

Catalog No. 760-107

OmniMap Universal DAB Detection Kit

Roche-Ventana Medical
System

Catalog No. 760-4310

Critical Commercial Assays

TruSeq Stranded Total RNA Library Prep Ilumina Catalog: RS-122-2301
Kit with Ribo-Zero Gold

Infinium MethylationEPIC Kit Hlumina Catalog: WG-317-1003
Nextera DNA Exosome Kit Ilumina Catalog: 20020617
KAPA Hyper Prep Kit, PCR-free Roche Catalog: 07962371001

BCA Protein Assay Kit

ThermoFisher

Catalog: 23225

Deposited Data

ICPC genomics and transcriptomics

Database of Genotypes and
Phenotypes (dbGaP)

Accession: phs001954

CPTAC genomics and transcriptomics

dbGaP

Accession: phs001287

ICPC.A proteome Proteomic Data Commons Accession: PDC000219
(PDC)
ICPC.A phosphoproteome PDC Accession: PDC000220
CPTAC.A proteome PDC Accession: PDC000153
CPTAC.A phosphoproteome PDC Accession: PDC000149
CPTAC.A acetylome PDC Accession: PDC000224
CPTAC.A ubiquitylome PDC Accession: PDC000627
ICPC.B proteome PDC Accession: PDC000563
ICPC.B phosphoproteome PDC Accession: PDC000564
CPTAC.B proteome PDC Accession: PDC000489
CPTAC.B phosphoproteome PDC Accession: PDC000490
CPTAC.B acetylome PDC Accession: PDC000491
CPTAC.B ubiquitylome PDC Accession: PDC000492
Link to all PDC accessions in this study PDC https://pdc.cancer.gov/pdc/cohort/cptac-icpc-luad

Targets and their assigned tiers/membrane

Savage et al.117

Table S2

DepMap: Mutation

DepMap Public 22Q2

https://depmap.org/portal/download

DepMap: Fusion

DepMap Public 23Q4

https://depmap.org/portal/download

DepMap: shRNA screen

DEMETER?2 Data v6

https://depmap.org/portal/download

DepMap: TMT proteomics

Proteomics Files

https://depmap.org/portal/download

DepMap: PRISM drug screen

PRISM Repurposing 19Q4
Secondary Screen

https://depmap.org/portal/download

Digital Histopathology Images (CPTAC
samples only)

The Cancer Imaging
Archive (TCIA)

https://doi.org/10.7937/K9/TCIA.2018.PAT12TBS
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IDENTIFIER

samples only)

Digital Histopathology Images (CPTAC

Imaging Data Commons
(IDC)

https://portal.imaging.datacommons.cancer.gov/explore/filters/?
collection_id=CPTAC&ecollection_id=cptac_luad

Experimental Models: Cell Lines

Workflow

RT112 Leibniz Institute DSMZ Catalog: ACC-418
AN3CA American Type Culture Catalog: HTB-111
Collection (ATCC)
T47D ATCC Catalog: HTB-111
KPL1 DSMZ Catalog: ACC-317
H3122 ATCC Catalog: CRL-2868
H2228 ATCC Catalog: CRL-5935
LS513 ATCC Catalog: CRL-2134
H747 ATCC Catalog: CCL-252
NCI-H1975 ATCC Catalog: CRL-5908
Ab549 ATCC Catalog: CCL-185
PC9 AcceGen Catalog: ABC-TC0907
Software and Algorithms
Methylation Array Harmonization GDC https://docs.gdc.cancer.gov/Data/Bioinformatics_Pipelines/

Methylation_Pipeline/

GTEX/TOPMed pipeline

GTEXx Consortium.137

https://github.com/broadinstitute/gtex-pipeline/blob/master/
TOPMed_RNAseq_pipeline.md

GISTIC2.0 Mermel et al.140 ftp://ftp.broadinstitute.org/pub/GISTIC2.0/
GISTIC_2_0_23.tar.gz

MutSig2CV Lawrence et al.141 https://github.com/getzlab/MutSig2CV

MSFragger Kong et al.143 https://www.nesvilab.org/software.html

Fragpipe Yu et al.144 fragpipe.nesvilab.org

TMT Integrator

Shteynberg et al.146

https://github.com/Nesvilab/TMT-Integrator

limma (R Package)

Ritchie et al.153

https://bioconductor.org/packages/release/bioc/html/limma.html

OmicseV

Wen et al.154

https://github.com/bzhanglab/OmicsEV

NMF (R Package)

Gaujoux et al.156

https://cran.r-project.org/web/packages/NMF/index.html

sSGSEA 2.0 Barbie et al.158 https://github.com/broadinstitute/ssGSEA2.0
PTM-SEA Krug et al.161 https://github.com/broadinstitute/ssGSEA2.0
PANOPLY Mani et al.159 https://github.com/broadinstitute/PANOPLY
Terra Broad Institute Data https://terra.bio/
Science Platform
CLUMPS-PTM Geffen et al.39 https://github.com/getzlab/CLUMPS-PTM
ESTIMATE Yoshihara et al.171 https://bioinformatics.mdanderson.org/estimate/index.html
TSNet Petralia et al.172 https://github.com/WangLab-MSSM/TSNet

BayesDeBulk

Petralia et al.62

https://github.com/WangLab-MSSM/BayesDeBulk

ChEA3 Keenan et al.173 https://maayanlab.cloud/chea3/

KEA3 Kuleshov et al.67 https://maayanlab.cloud/kea3/

Enrichr Chen et al.68 https://maayanlab.cloud/Enrichr/

KEA3 Consensus Appyter Clarke et al.176 https://appyters.maayanlab.cloud/KEA3_Consensus_Kinases/
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https://docs.gdc.cancer.gov/Data/Bioinformatics_Pipelines/Methylation_Pipeline/
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PhosphoDisco

Schraink et al.181

https://github.com/ruggleslab/phosphodisco

GATK4’s CalculateContamination GATK https://gatk.broadinstitute.org/hc/en-us/articles/360036888972-
CalculateContamination

GATKA4 Picard tools GATK https://github.com/broadinstitute/picard

GATK4 Funcotator GATK https://gatk.broadinstitute.org/hc/en-us/articles/360037224432-
Funcotator

Other

Reversed-phase tC18 SepPak, 3cc 200mg Waters Catalog: WAT054925

Solid-phase C18 disk, for Stage-tips Empore Catalog: 66883-U

Stage-tip needle Cadence Catalog: 7928

Stage-tip puncher, PEEK tubing

Idex Health & Science

Catalog: 1581

PicoFrit LC-MS column New Objective Catalog: PF360-75-10-N-5
ReproSiI—Pur, 120 A, C18-AQ, 1.9-ym Dr. Maisch Catalog: r119.aq

resin

Nanospray column heater Phoenix S&T Catalog: PST-CH-20U
Column heater controller Phoenix S&T Catalog: PST-CHC

300 pL LC-MS autosampler vial and cap Waters Catalog: 186002639
Offline HPLC column, 3.5-um particle Agilent Catalog: Custom order
size, 4.6 um x 250 mm

Offline 96-well fractionation plate Whatman Catalog: 77015200

700 pL bRP fractionation autosampler vial

ThermoFisher

Catalog: C4010-14

700 uL bRP fractionation autosampler cap

ThermoFisher

Catalog: C4010-55A

96-well microplate for BCA

Greiner

Catalog: 655101

Microplate foil cover

Corning

Catalog: PCR-AS-200

Vacuum centrifuge

ThermoFisher

Catalog: SPD121P-115

Centrifuge

Eppendorf

Catalog: 5427 R

Benchtop mini centrifuge

Corning

Catalog: 6765

Benchtop vortex

Scientific Industries

Catalog: SI-0236

Incubating shaker VWR Catalog: 12620-942
15 mL centrifuge tube Corning Catalog: 352097
50 mL centrifuge tube Corning Catalog: 352070
1.5 mL microtube w/o cap Sarstedt Catalog: 72.607
2.0 mL microtube w/o cap Sarstedt Catalog: 72.608
Microtube caps Sarstedt Catalog: 72.692

1.5 mL snapcap tube

ThermoFisher

Catalog: AM12450

2.0 mL snapcap tube

ThermoFisher

Catalog: AM12475

Microplate Reader

Molecular Devices

Catalog: M2

Offline HPLC System for bRP
fractionation

Agilent 1260

Catalog: G1380-90000

EASY-nLC 1200 System

ThermoFisher

Catalog: LC140

UltiMate™ 3000 RSLCnano System

ThermoFisher

Catalog: 5200.0355

Vanquish Neo UHPLC

ThermoFisher

Catalog: VN-S10-A-01
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Q Exactive Plus Mass Spectrometer ThermoFisher Catalog: IQLAAEGAAPFALGMBDK
Q Exactive HF-X Mass Spectrometer ThermoFisher Catalog: 0726042

Orbitrap Fusion Lumos Tribrid Mass ThermoFisher Catalog: IQLAAEGAAPFADBMBHQ
Spectrometer

Thermo Orbitrap Exploris 480 ThermoFisher Catalog: BRE725539
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