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Abstract 48 

Lung cancer is the world’s leading cause of cancer death and has shown strong ethnic 49 

disparities. By sequencing and assembling the largest genomic and transcriptomic dataset of 50 

lung adenocarcinoma (LUAD) in Asia (n=305), we found that Asian LUADs had more stable 51 

genomes characterized by fewer mutations, lower driver prevalence, and less copy number 52 

alterations than Caucasian LUADs. This difference is much stronger in smokers across two 53 

cohorts as compared to non-smokers.  Transcriptomic clustering revealed a novel Asian-54 

specific LUAD subgroup with a more indolent profile and an elevated expression of immune-55 

related genes, allowing the possibility of selecting immunotherapy-based approaches. 56 

Integrative analysis across clinical phenotypes to molecular features including clonality 57 

indexes revealed the importance of molecular phenotypes in patient prognostic stratification. 58 

Interestingly, Asian LUADs had better predictive accuracy than Caucasian, potentially due to 59 

its less complex genomic architecture. For the first time, this study elucidated a comprehensive 60 

genomic landscape of Asian LUADs and highlighted important ethnic differences between the 61 

two cohorts.  62 

  63 



Introduction 64 

Lung adenocarcinoma (LUAD) is the most common type of lung cancer and is responsible for 65 

over one million deaths annually world-wide1,2. Several large-scale genomic studies (including 66 

The Cancer Genome Atlas; TCGA) have depicted the genomic landscape of LUAD3–6 and 67 

characterized important therapeutic targets such as EGFR and ALK. Moreover, promising 68 

patient response of immune checkpoint blockade (ICB) have been associated with significant 69 

and meaningful clinical phenotypes in LUAD patients with high PDL1 (CD274) expression or 70 

high tumour mutation burden (TMB)7–9. Despite these rapid progress, integrating multiple 71 

clinical and molecular features to stratify patients into appropriate therapeutic approaches 72 

remains a challenge of high priority10. 73 

Much of the genomic profiling of LUAD thus far has been based on smoker-dominated 74 

Caucasian populations. However, LUAD seems to differ markedly between Asians and 75 

Caucasians. For example, Asian LUADs have a high preponderance for female non-smokers, 76 

while most Caucasian LUADs tend to occur in male smokers. Mutations in EGFR—the most 77 

common targetable oncogene—are present in 40-60% of Asian LUADs but only in 7-10% of 78 

Caucasian LUADs11–15. Moreover, several novel driver genes in Asians have been discovered 79 

in modestly sized Chinese cohorts15–17, suggesting that genomic disparities may be larger than 80 

previously expected. Intra-tumour heterogeneity (ITH), an important metric for tumour 81 

evolution and patient survival, was also reported to be higher in Asian EGFR-mutant non-82 

smokers than in the Caucasian counterparts18. Despite these observations, the ethnic differences 83 

in LUAD genomics have yet to be elucidated systematically, due to the lack of a sufficiently 84 

large Asian cohort.  85 

To address the above challenges, we sequenced the whole exomes (n=210) and transcriptomes 86 

(n=181) of 213 Chinese LUAD patients from Singapore. Along with the previously published 87 

whole exome data of 92 Chinese patients15, we present here the largest genomic and 88 

transcriptomic dataset for Asian LUAD (n=305). By comparing the genomic landscapes of 89 

LUAD in Asians and Caucasians4 using the same analysis pipelines, we identified strong 90 

differences in driver mutations, copy number alterations, and RNA transcriptomic subgroups. 91 

Integrating a network of clinical and genomic features, we found Asian LUADs have better 92 

prediction accuracy for patient outcomes than Caucasian LUADs, possibly due to the more 93 

stable genomic profiles of Asian LUADs. For the first time, we depicted a comprehensive 94 



genomic landscape of Asian LUADs and characterized the complex ethnic differences between 95 

Asians and Caucasians with important clinical implications. 96 

Results 97 

Patient samples and sequencing  98 

We recruited 213 LUAD patients of Chinese descent from National Cancer Centre of Singapore 99 

(NCCS) under the Lung Cancer Consortium Singapore and performed whole exome 100 

sequencing (WES) and transcriptome sequencing on 210 and 181 patients, respectively 101 

(Supplementary Table 1). The mean coverage for the exome sequencing was 89X (51.5-182.1X) 102 

and the average number of paired-end reads for the RNA sequencing was 31.1M (11.9-88.7M). 103 

We included whole exome sequencing data of 92 patients from a recent study by Beijing 104 

Genome Institute (BGI)15 to form the largest Asian LUAD cohort of Chinese ethnicity (n=305, 105 

Fig. 1a, Supplementary Table 1, Supplementary Fig. 1). To assess the ethnic differences 106 

between Asians and Caucasians, we also downloaded raw exome and RNA sequencing data 107 

for 249 Caucasian LUAD patients (Fig. 1a, Supplementary Table 2, Supplementary Fig. 2) 108 

from the TCGA and processed them using the same analysis procedures (Methods). Compared 109 

to the Asian cohort, the Caucasian patients included more smokers and had higher cigarette 110 

pack-years (Fig. 1b, Supplementary Fig. 1). In general, the two cohorts were similar in stage 111 

and age as well as other clinical features. Despite the still limited number of Caucasian never-112 

smokers (n=68), our Asia cohort, the largest to our knowledge, allowed the head-to-head 113 

comparison between smokers and never smokers across two ethnic backgrounds.  114 

After read mapping and variant calling (Mutect19 and Strelka20), 67,274 single nucleotide 115 

variants (SNVs) and 6,404 insertions/deletions (indels) were discovered in the combined Asian 116 

cohort (Supplementary Table 3). Using target amplicon sequencing (Methods), we successfully 117 

validated 325 variants out of 335 SNVs (true positive rate of 97.0%, Supplementary Table 4). 118 

The median TMB of our Asian cohort was 2.04 per Mb (mean 4.05), much lower than that of 119 

the Caucasian cohort (median 5.08, mean 7.78). Using a multivariate linear model, we found 120 

smoking status to be the major variable correlating with TMB (Supplementary Fig. 3), where 121 

the TMBs of non-smokers (Asians: median 1.81/Mb, mean 2.31/Mb; Caucasians: median 122 

1.81/Mb, mean 3.17/Mb) were much lower than the TMBs of smokers (Asians: median 123 

3.29/Mb, mean 6.96/Mb; Caucasians: median 7.01/Mb, mean 9.66/Mb) in both cohorts.  124 

125 



 126 

Fig. 1. Driver genes for Asian LUADs (a) Cohort composition of the Asian and Caucasian datasets in this study. (b) Summary of the clinical and mutation burden differences across the two cohorts. (c) 127 

Mutation profiles of the Asian cohort for driver genes detected by MutSigCV and 20/20+, along with the fusion genes detected by FusionCatcher. The blue annotations on the right-hand side of the gene 128 

names indicate whether the genes were called by MutSigCV and 20/20+. Red annotations denote which genes have been previously implicated as LUAD drivers and whether it is in the cancer gene census 129 

(CGC) list. Mutant frequencies in the cohort are shown on the left. Mutation burden (number of mutations per MB) for each patient is shown on top. (d) Comparison of mutation frequencies of driver genes 130 

between Asian and Caucasian cohorts among smokers and non-smokers, respectively. Only genes with significant (FDR<0.1) ethnic differences are shown. (e) Correlation between driver mutations and 131 

clinical phenotypes in the Asian cohort. Significant correlations between driver mutation and clinical phenotypes are highlighted in red. 132 



Notably, when comparing smokers and non-smokers across the two cohorts, both Asian 133 

smokers and non-smokers show significantly lower mutation burden than their Caucasian 134 

counterparts (Fig 1.b, p-value=0.0088 for smokers, 0.014 for non-smokers) even after 135 

controlling for possible confounding factors including the subtle difference in the reference 136 

genome (Supplementary Fig. 3, Supplementary Fig. 4). 137 

Driver genes in Asian LUADs and ethnic differences in driver prevalence  138 

With larger sample sizes, we aimed to identify driver genes, especially those median to rare 139 

drivers, in the Asian cohort.  By combining two methods (MutSigCV21 and 20/20+22), we 140 

identified 27 drivers at a false discovery rate of 0.1 (Fig. 1c, Supplementary Table 5, 141 

Supplementary Fig. 5, Supplementary Fig. 6). The most frequent drivers were EGFR (47%), 142 

TP53 (36%), and KRAS (11%). Potential fusion driver events were also detected and validated 143 

using transcriptomic data from the Singapore samples (Fig. 1c, Methods, and Supplementary 144 

Table 6). Low driver abundance seemed to be a dominant characteristic of the Asian LUADs, 145 

concordant with its lower TMB profile. The average number of LUAD drivers per patient was 146 

only 2.08 among Asian non-smokers (2.65 among the Caucasian nonsmokers, p-value=0.045) 147 

and 3.64 among Asian smokers (5.56 among the Caucasian smokers, p-value=4.2×10-6), while 148 

13.24% of all the patients had no known driver mutations or driver fusion events (2.81% in the 149 

Caucasians)23.  150 

In addition to the known driver mutations, we also identified seven novel LUAD driver genes: 151 

PARP4 (6%), EPRS (4%), LYST (4%), NCOR2 (2%), PBRM1 (2%), RASA1 (2%), and ZMYM2 152 

(2%). Two of them (NCOR2 and PBRM1) are listed in the Cancer Gene Census for other cancer 153 

types. NCOR2 is known to drive tumorigenesis in prostate cancer24, while PBRM1 is described 154 

as a tumour suppressor gene for both renal and breast cancer25. PARP4 codes for a member of 155 

the PARP protein superfamily regulating DNA repair and genome instability, and is related to 156 

various cancer types26–28. The other novel drivers such as EPRS29, LYST30, RASA131,32 and 157 

ZMYM233 showed mutational patterns typical of tumour suppressors (Supplementary Fig. 5), 158 

and were known to be involved in tumorigenesis in other cancer types.  159 

When comparing driver genes across the cohorts, 15 genes among smoker and 4 among non-160 

smokers showed significant differences in frequencies between Asians and Caucasians (Fig. 161 

1d). The Asian cohort harboured more patients with mutations in EGFR and PARP4, but fewer 162 

patients with classical driver genes found in Caucasian cohorts such as KEAP1, STK11, NF1, 163 

BRAF, and KRAS. Most of such differences remained significant even after controlling for 164 



other confounding factors or restricting to only mutations predicted to be functional34 165 

(Supplementary Fig. 7, Supplementary Fig. 8).  This suggested that the overall driver 166 

composition among Asian and Caucasian LUAD patients is different. 167 

Correlation between drivers and clinical phenotypes  168 

Correlating driver mutations with clinical features in the Asian cohort, we found that mutations 169 

in EGFR were enriched in females, while TP53, KRAS, APC, EPRS, LYST, and KEAP1 170 

mutations were enriched in males and smokers (Fig. 1e). TP53 mutations occurred more 171 

frequently in younger patients (mean age 61.3 vs 64.0, p-value=0.017), whereas RBM10 172 

mutations occurred more in older patients (mean age 72.1 vs 62.3, p-value=1.1×10-5). 173 

Subsequently, we tested possible correlations between driver status and patient survival using 174 

multivariate Cox models to account for clinical variables (stage, smoking, gender, and age). In 175 

the Asian cohort, mutations in four drivers (KEAP1, PBRM1, APC, and PDGFRA) correlated 176 

significantly with poor survival, but mutations in EGFR conferred survival benefit35–37 177 

(Supplementary Fig. 9, Supplementary Fig. 10). Applying the same analytical pipeline to the 178 

Caucasian cohort, a different set of drivers (CDC27, STK11, SETBP1, and SKIV2L2) were 179 

found to stratify the patients (Supplementary Fig. 9). In terms of driver co-occurrence and 180 

mutual exclusivity, mutations in TP53, NAV3, LRP1B, and several other genes often co-181 

occurred in the Asian cohort, whereas the only mutually exclusive driver pair was EGFR and 182 

KRAS (Supplementary Fig. 11). This corroborates the notion that EGFR is a dominant driver 183 

and tends to drive tumorigenesis alone18.  184 

Ethnic differences in copy number alterations  185 

We identified significantly altered copy number variations (CNV) using the GISTIC 2.0 186 

algorithm38. At the chromosomal level, Asians showed a lower amount of arm-level CNV than 187 

Caucasians, and such differences were more pronounced in deletions (Fig. 2a, Supplementary 188 

Table 7). However, many focal CNVs around driver-gene amplifications in EGFR, MYC, and 189 

KRAS, as well as deletions in FAT1, APC, and STK11, were found in both cohorts (Fig. 2b, 190 

Supplementary Table 8, Supplementary Fig. 12, Supplementary Fig. 13).  191 

We further inferred the copy number profiles for both the smoker and non-smokers across the 192 

two cohorts and calculated three metrics: ploidy, genome doubling (GD), and percentage of 193 

genome altered (i.e. genomic instability index or GII) (Methods). Compared to the Caucasian 194 

smokers, the Asian smokers exhibited significantly lower levels of aneuploidy, had a lower  195 

196 



 197 
Fig. 2. Copy number variation and mutation signature analysis 198 

(a) Chromosome arm-level copy number variation (CNV) frequencies in Asian and TCGA cohorts. Dark red (amplifications) and blue (deletions) represent the Asian cohort, while light colours represent 199 

the TCGA cohort. Significantly altered arms in each cohort are highlighted with black borders. Arms with significant cohort differences were labelled with green dots. (b) Focal-level CNV across 200 

chromosome 1-22 with y-axis presenting GISTIC FDR q-values. Selected genes in the cancer gene census list are labelled in the significant peak regions shared by both cohorts (Methods). Color schemes 201 

are the same as in 2a. (c) Comparison of the Asian and Caucasian cohorts on copy number metrics: ploidy, genome instability index (GII), GII calculated with only deleted regions (GII.Deletion), and 202 

genome doubling (GD). (d) Clustering of Asian patients based on their proportion of mutation signatures. Each cluster group is named according to the dominant mutation signature (i.e., smoking, ageing, 203 

and APOBEC).  204 



percentage of tumours with GD, and showed lower GII, which was mainly contributed by fewer 205 

deletion events (Fig. 2c, Supplementary Fig. 14). These ethnic disparities remained significant 206 

even after controlling for potential confounding features (stage, age, gender and tumour purity) 207 

(Supplementary Fig. 14). On the contrary, the copy number differences among non-smokers 208 

were less significant even though the overall trend was maintained (e.g. ploidy, Figure 2c). 209 

Overall, the results suggest that Asian LUADs had fewer genomic alterations and were less 210 

complex in genomic profiles than Caucasian LUADs. 211 

Mutational signatures in Asian LUADs 212 

Previous studies discovered several major mutational signatures in the Caucasian lung cancer5. 213 

Using the NMF algorithm39,40, we discovered similar signatures in the Asian cohort, including 214 

“ageing” (COSMIC Signature 1), “smoking” (Signature 4), and “APOBEC” (Signature 2) 215 

(Supplementary Fig. 15). Using the relative contributions of these signatures, we clustered 216 

patients into three signature groups (Fig. 2d). The “smoking” group significantly correlated 217 

with male smokers, and more KRAS mutations, while the “ageing” group showed the reverse 218 

(Supplementary Fig. 16). Among smokers, Asians had higher proportion of “ageing” signatures 219 

than Caucasians, while among non-smokers, the signature proportions were similar across 220 

cohorts (Supplementary Fig. 17). To understand the mutational history of tumorigenesis, we 221 

partitioned the mutations into early (clonal) and late (subclonal) mutations41 and compared the 222 

relative contributions of the three signatures (Methods). The “APOBEC” signatures were 223 

enriched in late mutations42 while the “smoking” signature was more prominent among early 224 

mutations in both cohorts (Supplementary Fig. 17). We further analysed the mutational strand 225 

asymmetries with regard to transcription-coupled repair (transcription asymmetry) and DNA 226 

replication-associated mechanisms (replication asymmetry) during mutagenesis43. 227 

Transcription asymmetry profiles were similar across the two cohorts, with similar 228 

discrepancies seen between smokers and non-smokers (Supplementary Fig. 18). However, 229 

replication asymmetry profiles were less concordant. This result indicated different mutagenic 230 

processes related to DNA replication may be involved in tumorigenesis across the two cohorts. 231 

A novel inflammatory subtype in Asian LUADs 232 

Previous studies on transcriptomic profiles of Caucasian LUADs using supervised clustering 233 

methods identified three major transcriptomic clusters: Terminal Respiratory Unit (TRU), 234 

Proximal Proliferative (PP) and Proximal Inflammatory (PI)4,44,45. To identify robust 235 

transcriptomic clusters across ethnic backgrounds, we processed RNA-seq data uniformly for 236 



the 172 Asian and 249 TCGA LUAD tumour samples and clustered them in each cohort using 237 

(unsupervised) non-negative matrix factorization (NMF) (Methods). In both Asian and 238 

Caucasian cohorts, the NMF algorithm suggested two or three groups as the best clustering 239 

solutions (Supplementary Fig. 19). With a two-group partition, a TRU and a non-TRU cluster 240 

were found in both cohorts (Fig. 3a, top), with consistent expression patterns (Fig. 3b, 241 

Methods46). The TRU clusters in both cohorts showed better survival (Fig. 3a) and were 242 

characterized by features closer to the normal tissue (Supplementary Fig. 20), including 243 

downregulations of proliferation-related pathways (Fig. 3c, Methods47, Supplementary Fig. 21), 244 

lower TMB, and lower genome instability (Fig. 3c,e,g, Supplementary Table 9, Supplementary 245 

Fig. 22, Supplementary Fig. 23). These results suggested a conserved basal partition of LUADs 246 

across cohorts. 247 

To further understand the RNA clustering, we partitioned patients in each cohort into three sub-248 

clusters (Fig. 3a, bottom). In the Caucasian cohort, the unsupervised method (i.e. NMF) 249 

successfully recovered the three sub-clusters (i.e. TRU, PP and PI) previously defined by 250 

supervised clustering4 (Supplementary Fig. 24). Comparing the sub-clusters across cohorts, 251 

two of the Asian sub-clusters were highly similar to two of the Caucasian sub-clusters, 252 

respectively, and thus were named as “TRU” and “PI” following the Caucasian nomenclature4 253 

(Fig. 3b, Supplementary Fig. 25). Interestingly, we found a novel RNA sub-cluster unique to 254 

the Asian cohort, and not previously observed in Caucasians (Fig. 3b,f). This novel sub-cluster 255 

was characterized by up-regulation of inflammation-related genes and a higher level of immune 256 

infiltration (Fig. 3d,g, Supplementary Table 10)48. Thus, we named this novel subtype as 257 

“TRU-inflammatory” (TRU-I) since most of its members were among the TRU cluster in the 258 

two-group partition (Fig. 3a,g).  259 

Compared with other Asian sub-clusters, the TRU-I sub-cluster had the lowest frequency of 260 

TP53 mutation, purity and CNV (Fig. 3e, Supplementary Fig. 26). Decomposition of the 261 

immune components from the transcriptomic data47 revealed that the TRU-I sub-cluster had 262 

the highest proportions of T-cells, macrophages, neutrophils, NK cells and monocytes (Fig. 263 

3d,e, Supplementary Fig. 26, Supplementary Fig. 27), though TRU-I did not differ significantly 264 

from TRU regarding survival outcomes, TMB and number of drivers (Fig 3a, Fig. 3e, 265 

Supplementary Fig. 26). In the Caucasian cohort, similar segregations on the inflammatory 266 

features were observed between the PI sub-cluster and the Caucasian-specific PP sub-cluster,  267 

268 



 269 

Fig. 3. Transcriptomic clusters in Asian and Caucasian cohorts.  270 

(a) Principle component analysis (PCA) and survival analysis of the transcriptomic clusters found in the Asian (left) and Caucasian (right) cohorts when partitioning the cohorts into two clusters (top) or 271 

three sub-clusters (bottom). (b) Subclass mapping of the subtypes found in Asians and Caucasians (Methods). Significant correspondences between clusters are highlighted with p-value labels. (c) Phenotypic 272 

differences between the two clusters (TRU and non-TRU); and (d) phenotypic differences among the three sub-clusters focusing on immune-related features (p-value <0.05 *, <0.01 **, <0.001 ***, <0.0001 273 

****). (e) Summary of the phenotypic differences between the two clusters (TRU & non-TRU), and the two sub-clusters along the inflammation axis (TRU-I & TRU in Asians; PP & PI in Caucasians) 274 

(Methods). Features with significant differences are highlighted in red (indicating higher values) and blue (indicating lower values), while non-significant features are coloured grey. (f) Subtype 275 

correspondence across cohorts. The TRU-I sub-cluster is Asian-specific, and PP sub-cluster is Caucasian-specific. The putative expression levels of proliferation- and inflammation-related genes are 276 

annotated at the side. (g) Phenotypes of the RNA sub-clusters in Asians. The top two rows indicate the cluster assignment of the patients. The following rows show the normalized mean expression of GSEA 277 

enriched gene sets from the differential expressed genes between the TRU and non-TRU clusters and between the TRU-I and TRU sub-clusters, and the values of immune-related features. High values were 278 

shown in red and low in blue.  279 



where the PP subgroup was more immunologically suppressive (Fig. 3d,e, Supplementary 280 

Table 11, Supplementary Fig. 28, Supplementary Fig. 29, Supplementary Fig. 30). These 281 

results suggested that inflammatory features formed an important axis across cohorts that could 282 

stratify LUAD transcriptomes and might help identify patients suitable for immunotherapy.  283 

Ethnic differences in therapeutic opportunities 284 

The genomic changes found across multiple layers shed light on the possible treatment 285 

differences between the two cohorts.  One key pathway with many targetable genes including 286 

EGFR is the RTK/Ras pathway. Integrating mutations and copy number variations, 287 

significantly more somatic alterations in KRAS, ALK and ERBB4 were found for smokers, as 288 

well as in MET for non-smokers when comparing Caucasians with Asians (Fig 4a, 289 

Supplementary Fig. 31). This is concordant with the higher genomic changes in Caucasian 290 

LUADs. Despite this, EGFR mutations were consistently more prevalent in Asians regardless 291 

of the smoking status. Consequently, RTK/Ras pathway was mutated more frequently in 292 

Caucasians for smokers, but this trend was reversed among non-smokers (Fig 4b). When we 293 

extended the same analysis to a set of hallmark oncogenic pathways49, the Caucasian cohort 294 

showed higher alteration frequencies across all pathways for smokers (Fig 4b). However, 295 

among non-smokers, significantly higher alteration rates were observed only for TGFβ and 296 

NRF2 pathways in the Caucasian cohort (Fig 4b). 297 

Since many of the somatic changes might not lead to targetable mutations, we compared these 298 

somatic changes with well-curated clinical and molecular evidences in the OncoKB database50. 299 

Across all targetable somatic changes, EGFR alterations were the dominant genetic changes in 300 

both cohorts (Fig 4c). Even though Caucasian patients might benefit more from therapies 301 

targeting MET and CDK4 amplification, such alterations were generally relatively infrequent. 302 

On the other hand, the high prevalence of EGFR mutations in Asia would allow effective 303 

treatment of Asian LUADs using multiple generations of TKIs. In addition to targeted therapy, 304 

the rise of immunotherapy present new opportunities for treatment. Using GEP score (a pan 305 

cancer predictor for response to immunotherapy51,52 Methods), we found significantly higher 306 

GEP scores in Asians (Fig. 4d), suggesting a higher potential for ICB treatment in this group 307 

of patients. Since patients having EGFR mutations tend to have lower PDL1 and GEP scores, 308 

309 



 310 

Fig. 4. Ethnic differences in therapeutic opportunities.  311 

(a) Comparison of the alteration frequency (including mutation, fusion and CNV) of genes in the RTK/RAS pathway across the two cohorts. Genes with significant cohort differences were 312 

labelled with asterisk. (b) Comparison of the alteration frequency of genes in ten hallmark pathways across the two cohorts. Differences with significant p-values were labelled. (c) Comparison 313 

of the druggable mutations frequency across the two cohorts. The OncoKB evidence levels (Lv) annotated after gene names indicate the evidence level of the druggable target. Lv1, FDA-314 

recognized biomarker in LUAD; Lv2A, standard care biomarker for drug in LUAD; Lv2B, standard care biomarker for drug in another indication. (d) Comparison of the GEP score across 315 

different cohorts. Horizontal dotted line denotes the cut-off value -0.318 from pan cancer study, which segregates patients that are responsive to ICB (higher) or non-responsive (lower). (e) 316 

T cell infiltration, GEP score, PDL1 expression in wildtype EGFR samples across the three Asian RNA subtypes. (f) Expression levels of possible alternative ICB targets across the three 317 

Asian RNA subtypes.  318 



as well as poor response to ICB treatment53, we then focused on the EGFR wild type (WT) 319 

patients in both cohorts. Interestingly, the Asian TRU-I subtype consistently showed higher T 320 

cell infiltration, PDL1 expression, and GEP score (Fig. 4e), suggesting the TRU-I phenotype 321 

as a potential biomarker for selecting patients for ICB treatment. With the consistently elevated 322 

levels of immune cells in the TRU-I group, exploring ICB treatments which leverage other 323 

immune cell types (e.g. macrophages, Fig. 4e) in addition to T cells might be a fruitful 324 

exploration for lung cancer treatment in future. 325 

Integrative analysis of multiple data layers 326 

Developing robust methods to predict patient outcomes by integrating features from multiple 327 

layers remains a perennial challenge in the field. In this study, several highly correlated clinical 328 

and molecular features were found to stratify patient outcomes. For example, higher intra-329 

tumour heterogeneity (ITH) was thought to predict poor survival54, but in our Asian cohort, 330 

patients with EGFR mutations tended to have higher ITH (measured as the percentage of late 331 

mutations41 or pLM, Methods) and better survival outcomes (Supplementary Fig. 32). This 332 

highlighted the interaction between driver status (e.g. EGFR) and tumour heterogeneity18, as 333 

well as the importance of understanding complex interactions in survival analysis. To 334 

methodically investigate the correlations among multi-dimensional features, we curated a list 335 

of 24 features ranging from the basic clinical and genomic status to features that could stratify 336 

patient outcome (Supplementary Fig. 33, Supplementary Fig. 34 Methods). These features 337 

were then classified into four groups: clinical, driver genes, molecular, and ITH-related (the 338 

last three were also termed “genomic” features). Plotting the correlation structure across these 339 

features, we discovered a complex correlation network in the Asian cohort (Fig. 5a; 340 

Supplementary Fig. 35; Methods), where each feature on average correlates with eight other 341 

features. Notably, the TMB-related and CNV-related correlation clusters represented two 342 

major axes of genomic complexity which bridge multiple data layers (Fig. 5a).   343 



 344 

Fig. 5. Survival groups and cohort differences.  345 

(a) Correlation network and the importance in survival models for 24 survival-related features. Sizes of the nodes represent the hazard ratios of features in the univariate Cox models. Features with solid 346 

borders were significant in their univariate Cox models. Connected nodes are significantly correlated (FDR q<0.01) with thicker lines representing smaller q-values (Methods). (b) Top: the importance of 347 

each feature in the multivariate Cox model calculated as the percentage of the Wald statistic for each feature over the sum of them (Methods). Bottom: the sum of importance for each feature type. (c) 348 

Cohort comparisons of prediction accuracies of the multivariate Cox models using various sets of features. Accuracies are calculated as Harrell's concordance index (c-index, Methods). The c-index value 349 

of 0.5 indicates that the model does not perform better than random chance. (d) Comparisons of the prediction accuracies for patients with different genome instability levels. (e) Heatmap of the clinical 350 

and genomic phenotypes for each survival groups in the Asian cohort. Patients were divided evenly into three survival groups based on the predicted hazard from the multivariate Cox model with all features. 351 

(f) Kaplan-Meier curves of the different survival groups from (e) in the Asian cohort for all patients, stage I & II patients, and Stage III & IV patients, respectively. Log-rank p-values are shown.  352 



Previous pan-cancer studies have brought into question the merit of large scale sequencing, 353 

reporting that patient outcome could be better predicted by clinical features than by genomic 354 

features55.Using univariate and multivariate Cox models, we evaluated the predictive power of 355 

multi-layer features in our Asian cohort.  Based on the univariate p-value and the importance 356 

in multivariate models, clinical and driver genes were found to be the strongest predictors, 357 

followed by molecular and ITH features (Fig. 5a,b, Supplementary Fig. 36, Methods). A similar 358 

trend was seen when evaluating these feature groups individually using c-index for their 359 

prediction accuracies (Fig. 5c, Methods). The ITH features generally performed the worst, 360 

indicating that heterogeneity inferred from single sector data might be insufficient in predicting 361 

patient survival56. Based on the predicted hazard from the multivariate Cox model, we 362 

partitioned patients into three survival groups with different prognosis, and observed clear 363 

segregation across multiple genomic features (Fig. 5e,f, Supplementary Fig. 37). While clinical 364 

features were strong predictors, we found that genomic features also predicted patient survival 365 

reasonably well on their own, and that multivariate models without the clinical features could 366 

still stratify patients within early or late stage patients (Supplementary Fig. 38), underlining the 367 

prognostic utility of genomic sequencing. 368 

We observed many similar trends when we performed the same analysis on the TCGA cohort: 369 

a) EGFR mutant lung cancer also had higher ITH (based on pLM, Supplementary Fig. 32), b) 370 

a highly correlated network structure among features with the TMB- and CNV-related clusters 371 

(Supplementary Fig. 39, Supplementary Fig. 40), c) Clinical features ranked top in predicting 372 

patient survival, followed by driver genes (Fig. 5b,c, Supplementary Fig. 36, Supplementary 373 

Fig. 41), d) genomic features segregated clearly among different survival subgroups 374 

(Supplementary Fig. 42, Supplementary Fig. 43, Supplementary Fig. 44), and e) the genomic 375 

features alone could stratify patients within early or late stage tumours (Supplementary Fig. 376 

38). The overall similarity suggested that the basic architectures of LUADs are quite conserved 377 

across ethnic backgrounds. Despite these similarities, predictive accuracies of survival 378 

outcome were generally higher in Asians than in Caucasians (Fig. 5c), even when controlling 379 

for the differences in smoking status, sample size or mutation status of EGFR between the two 380 

cohorts (Supplementary Fig. 45).  Since Caucasian LUADs had more genomic changes, the 381 

poor survival predictability in Caucasians might be simply due to the general character of 382 

unstable genomes.   383 

When we compare predictive accuracies between patients with different levels of genome 384 

stability, the predictive accuracies were indeed higher in tumours with lower ploidy in both 385 



cohorts, regardless of using clinical or driver genes as predictors (Fig. 5d). Thus, the more 386 

stable genomes in Asian LUADs may account for their better predictive accuracies than 387 

Caucasians. 388 

Discussion 389 

In this study, we systematically profiled the genomic landscape of LUADs in Asians and 390 

compared them to their Caucasian counterparts. With the large cohort size and uniform 391 

computational procedures, we revealed striking differences across the two ethnic backgrounds. 392 

With regards to the genomic profile, Asian LUADs were characterized by more stable genomes, 393 

lower mutation burdens, fewer driver genes, and fewer CNVs. This difference is stronger 394 

among smokers than never smokers. Comparing the transcriptomic profiles across cohorts, 395 

Asian LUADs were found to harbour an ethnic-specific transcriptomic subtype featuring an 396 

inflammatory profile with high potential for the ICB therapy. In the integrative survival 397 

analysis, molecular features were found to offer an important layer of information beyond 398 

clinical features in patient stratification. Moreover, Asian LUADs showed higher prognostic 399 

prediction accuracy than Caucasian LUADs, possibly driven by a simpler genomic constitution.  400 

Ethnic differences in cancer have long been recognized across several tissue types, and most 401 

of these differences can be explained by genetic predisposition57–59 and environmental factors 402 

such as lifestyle, and viral/bacterial infections60–62. However, we found that smoking status, the 403 

foremost environmental factor in lung cancer, was insufficient to explain many ethnic 404 

differences in genomic profiles between the two cohorts. It has also been previously reported 405 

that smoking status failed to explain ethnic differences in lung cancer incidence rates63. Thus, 406 

intrinsic genetic predispositions64,65 or other environmental factors63,66,67 could play important 407 

roles in ethnic differences in lung cancer. It is worth noting that due to changes in lifestyle, the 408 

incidence of LUAD among Caucasian females is also increasing, which was not fully explained 409 

by smoking behaviour68,69. Thus, we expect that ethnic differences will continuously transform 410 

in the future, driven by factors yet to be identified. The comparison between Asian and 411 

Caucasian LUADs represents one of the most interesting opportunities to understand the 412 

dynamic ethnic differences in cancer. 413 

Although transcriptomic subtypes of LUAD have previously been explored separately for 414 

Asian and Caucasian cohorts4,15,70,71, they were yet to be directly compared. Our analysis 415 

identified unexpected similarities and differences across cohorts. Both cohorts shared the basal 416 

separations between TRU and non-TRU70, which also matched the first principle component 417 



of the transcriptomic space (Fig. 3a). Such separations were characterized by the differential 418 

expression of proliferation-related gene sets such as the G2M checkpoint, MYC targets, and 419 

mTORC1 signalling (Fig. 3g, Supplementary Table 9, Supplementary Fig. 21, Supplementary 420 

Fig. 22, Supplementary Fig. 23, Supplementary Fig. 30). Further clustering revealed 421 

separations along the inflammatory axis, resulting in two cohort-specific subtypes: the more 422 

immunologically active TRU-I sub-cluster in Asians, and the immune-suppressed PP sub-423 

cluster in Caucasians (Fig. 3f). Separation along this axis matched the separation on the second 424 

principal component (Fig. 3a), and was characterized by the up-regulation of inflammation 425 

gene sets, including inflammatory response, IFNγ response, and allograft rejection (Fig. 3g, 426 

Supplementary Table 10-11, Supplementary Fig. 26, Supplementary Fig. 28, Supplementary 427 

Fig. 29, Supplementary Fig. 30). Based on these observations, we propose two major axes to 428 

segregate the LUAD transcriptomic subgroups (Fig. 3f): the proliferation axis and the 429 

inflammation axis. Consequently, the two cohort-specific sub-clusters (TRU-I and PP) 430 

represent tumours located at the opposite quadrants of the transcriptomic landscape. The TRU-431 

I subgroup consists of the less proliferative but more inflammatory tumours while the PP 432 

subgroup consists of more proliferative and less inflammatory tumours.  433 

Interestingly, the ethnic differences across multiple layers were connected. The higher TMB 434 

and CNV of the Caucasian LUADs characterised their high genome instability. It is known that 435 

tumours with high genome instability have high proliferation profile (e.g. up-regulated cell 436 

cycle pathways) and low immune infiltration72,73. Thus, the ethnic differences in genome 437 

instability might have contributed to the identification of the two cohort-specific transcriptomic 438 

subtypes: TRU-I (more stable genome, low proliferation and high immune infiltration) and PP 439 

(unstable genome, high proliferation and low immune infiltration). Moreover, the higher 440 

genome instability also correlates with poor prognostic prediction in the Caucasian cohort. 441 

Thus, the study of ethnic difference in lung cancer provides an interesting example unifying 442 

genomic changes with molecular and clinical phenotypes, paving an important foundation to 443 

uncover the upstream factors leading to the ethnic difference in genome instability between 444 

Asians and Caucasians. 445 

In terms of clinical utility, both the proliferation and inflammation axes offer important 446 

opportunities. The proliferation axis can stratify patient outcome across cohorts even when 447 

considering potential confounding factors (e.g. stage, age, gender, smoker, and EGFR mutation 448 

status; data not shown)70. The inflammation axis seems to offer new potentials to predict patient 449 

response to ICB therapy based on levels of immune infiltration, expression of PDL1 and ICB 450 



response signatures (i.e. GEP). Considering the high levels of immune infiltration across many 451 

immune cell types and the higher expression level of potential ICB target genes in the TRU-I 452 

subtype (Fig. 3d, Fig. 4f), exploring ICB treatment in other cell types (e.g. Macrophages) can 453 

potentially open new avenues for ICB in Asian lung cancer. How to effectively combine 454 

targeted therapy, ICB and possibly other treatment modalities (e.g. chemotherapy targeting 455 

highly proliferating subtypes) will be an interesting topic for the field.  456 

Although previous survival analyses have purported clinical features to be more robust 457 

predictors of patient survival than genomic phenotypes55, our findings here suggest an 458 

alternative viewpoint. For example, the predictive power of driver genes can be as good as that 459 

of clinical phenotypes, whether used on its own or in multivariate models. It is important to 460 

note that the correlation network of phenotypes plays a crucial role in survival analyses, we 461 

found driver genes generally correlate less with other features, suggesting its independent role 462 

in patient outcome prediction. Moreover, genomic features such as genomic instability also 463 

affect the survival prediction accuracy. Since these observations seem to be true across ethnic 464 

backgrounds, we think genomic features can effectively supplement traditional clinical 465 

parameters for precise patient stratification and tailoring bespoke therapies or combinations 466 

based on individual risk profiles. Approaches including deep learning based methods74 could 467 

further integrate this multi-dimensional data to drive precision medicine programs in the future.   468 



Methods 469 

Patient recruiting, sample sequencing and public data processing 470 

Patients with lung adenocarcinoma were recruited from the National Cancer Center of 471 

Singapore (NCCS) with written informed consent. All tumour specimens were reviewed by 472 

pathologists to determine the histological subtype, histological grade as well as TNM staging 473 

(Supplementary Table S1). Tumour and adjacent normal tissues were harvested by pathologists 474 

following surgical resection and biopsy, respectively. Adjacent normal lung tissue or blood 475 

was used as a matched normal control. DNA and RNA were extracted using AllPrep 476 

DNA/RNA/miRNA Universal kit (Qiagen). For WES, 200 to 1000 ng of genomic DNA was 477 

sheared to shorter fragments using the Covaris system, and then subjected to library preparation 478 

using NEBnext End repair, A-tailing and Ligation modules (New England Biolabs), with a 479 

partially double-stranded custom adaptor (5' P-GATCGGAAGAGCACACGTCT, 5' 480 

ACACTCTTTCCCTACACGACGCTCTTCCGATCT, double-stranded regions are 481 

underlined), followed by PCR with i5 and i7 index primers to generate dual-indexed libraries. 482 

Six dual-indexed libraries were pooled in each capture with the SeqCap EZ Human Exome 483 

v3.0 kit (Nimblegen). Captured DNA was washed, purified, and amplified, then subjected to 2 484 

x 151 bp sequencing in 1 lane on the HiSeq 4000 sequencer (Illumina). For RNA-seq, 1.2 to 4 485 

μg of total RNA was used for library preparation using the TruSeq Stranded mRNA Sample 486 

Preparation Kit (Illumina), with fragmentation at 80°C for 2 minutes. 24 samples were pooled 487 

into a single multiplex library, and each library was subjected to 2 x 101 bp sequencing in three 488 

lanes on the HiSeq 2000 sequencer (Illumina) with V4 reagents. 489 

Raw RNA-Seq fastq and WES BAM files of 272 patients from TCGA LUAD project were 490 

downloaded from TCGA legacy archive (including 229 patients from the first stage of TCGA 491 

LUAD4 and all the 43 accessible never smoker patients from TCGA LUAD cohort), and raw 492 

WES and WGS BAM files of 92 patients from the BGI cohort were downloaded from EGA 493 

(Supplementary Note 1, Supplementary Table 1). The ethnicity of each patient was inferred 494 

using data from Human Genome Diversity Project75, and 22 patients of non-Caucasian origin 495 

were excluded from the TCGA cohort (Supplementary Note 1, Supplementary Fig. 2). One 496 

patient from the TCGA cohort was further excluded due to the exceptionally high number of 497 

somatic variants compared to the published reports (Supplementary Note 1). 498 

Somatic variant identification 499 



For the Singapore and BGI cohort, short sequence reads were mapped to the human reference 500 

genome GRCh37 (GATK Resource Bundle version 2.8) using BWA-MEM (version 0.7.12)76 501 

with default parameters. Following GATK best practice77,78, PCR duplicates were first 502 

removed and subsequently realigned and recalibrated (available at https://github.com/gis-503 

rpd/pipelines, GATK version 3.5). Similar steps including marking duplication, realignment 504 

and recalibration were performed for the BAM files from the TCGA cohort. Somatic single-505 

nucleotide variants (SNVs) were identified using MuTect19 (version 1.1.7). To reduce false 506 

positive calls, a panel of normal was created for each cohort of the same library preparation kit, 507 

using all normal samples in the same cohort. Tumour samples were then used to call somatic 508 

mutations against the paired normal and filtered with the corresponding panel of normal. In 509 

addition, based on the validation results (see below), we further filtered out mutations that tend 510 

to be false positives, retaining only the ones supported by at least 3 mutation reads with a VAF 511 

larger than 0.08. Somatic insertions and deletions (indels) were called using Strelka20 (version 512 

1.0.15) with default parameters.   513 

Variant validation by targeted capture deep sequencing. 514 

To validate variants identified by whole exome sequencing (WES), we randomly selected 55 515 

variants from 7 patients (a total number of 363 variants of which 349 were SNVs and 14 were 516 

indels) and designed a pool of customized PCR primers for targeted amplification and deep 517 

sequencing. Libraries were constructed based on PCR amplicons and sequenced using Illumina 518 

MiSeq platform to a mean coverage of 5,941 at targeted sites. The sequencing reads from the 519 

validation data flowed through a similar procedure as the WES sequencing. A somatic variant 520 

was considered as validated if it met the following criteria: (1) the same alternative allele at the 521 

same position was observed in both WES and deep-sequencing at the target position (2) the 522 

variant allele frequency (VAF) in the tumor was > 0.02; (3) the VAF in the normal was < 0.01.  523 

Of the 363 targeted variants, 15 of them failed either in amplification or sequencing. In the 524 

remaining 348 variants, 2 of them were found to be germline variants with the detectable 525 

frequencies (VAF is > 0.02) in both tumour and normal DNA. Another 18 were found to be 526 

false positive with VAF < 0.01 in both tumour and normal DNA. Taken together, 338 out of 527 

348 somatic variants were successfully validated, with an overall validation rate of 97.13%.  528 

Driver gene identification and driver frequency comparison 529 

All somatic SNVs were first annotated using Oncotator79 (version 1.9.2). In order to identify 530 

driver mutations for the Asian cohort, MutSigCV21 (version 1.41), as well as 20/20+22 (version 531 



1.1.2), were used to infer the significantly mutated driver genes (q < 0.1 in any caller and 532 

number of non-silent mutation >= 5). We annotated LUAD drivers with a combination of driver 533 

lists: a) significantly mutated genes in LUAD from seven publications3,4,21,80–83; b) drivers list 534 

from a PanCancer and PanSoftware analysis84, subseting to only genes implicated as lung 535 

adenocarcinoma related; c) the novel drivers identified from the Asian cohort in this study. To 536 

compare the driver frequencies between different cohorts, the numbers of patients containing 537 

non-silent mutations for each gene were curated in each cohort (Fig. 1b),  with one patient 538 

excluded who harboured 30 mutations of APC. To identify drivers with significant cohort 539 

differences, we included only drivers with high mutation frequency in each cohort (smokers: >9 540 

patients in either cohort and with cohort difference of at least 1-fold change; non-smokers: >7 541 

in Asians or >4 in Caucasians). Fisher’s exact tests were then performed and a FDR cutoff of 542 

0.1 was used for reported genes.  543 

Fusion gene discovery and validation 544 

Fusion genes and their respective fusion points were predicted by FusionCatcher85 (version 545 

0.99.5a beta) with the RNA-seq data. Fusion genes called from the tumour samples were 546 

compared against those from normal samples to remove germline fusion alterations. In addition, 547 

genes annotated as “probably false-positive” by FusionCatcher were also excluded. The 548 

resulting fusion genes were further filtered and subsequently subject to experimental validation 549 

by RT-PCR (see Supplementary Note 3). Only validated fusions were used for downstream 550 

analysis. 551 

For Fig. 4, fusion genes of the Caucasian cohort were identified from the TumorFusions 552 

database86. 553 

Identification of copy number alterations 554 

For both Asian and Caucasian cohorts, Sequenza87 (version 2.1.2) was used to estimate the 555 

copy number profile (including allele-specific copy number) as well as the tumour purity, 556 

ploidy for each patient. Default settings were used following the recommendations of the 557 

manual. Genome doubling (GD) status for each sample was inferred by EstimateClonality41 558 

(version 1.0) based on the copy number profile inferred by Sequenza. The genome instability 559 

index (GII) was calculated as the percentage of a tumour genome showing different copy 560 

number from the per-base median of that genome (all copy number values are integers as 561 

inferred by Sequenza). GISTIC38 (Genome Identification of Significant Targets in Cancer, 562 

version 2.0.23) was used to identify significantly amplified and deleted regions in each cohort. 563 



Output segmentations from Sequenza were used as the input for GISTIC. Specifically, the 564 

Seg.CN required by GISTIC was calculated with the depth.ratio estimation from Sequenza as 565 

Seg.CN=log2(2×depth.ratio)-1. The GISTIC parameters were set as follows: -genegistic 1 -566 

smallmem 1 -broad 1 -brlen 0.5 -conf 0.95 -armpeel 1 -savegene 1 -gcm extreme. Peak regions 567 

with FDR q-value < 0.25 were called as significant peaks and were annotated with the Cancer 568 

Gene Census (version 85) (Supplementary Fig. 12, Supplementary Fig. 13). To annotate the 569 

common peaks in both Asian and Caucasian cohorts, peak regions with more than 50% overlap 570 

across cohorts were merged and only genes within the overlapping regions were annotated (Fig. 571 

2b). 572 

Mutational signatures identification and clustering 573 

In order to uncover mutational processes active in the LUAD patients, the NMF39 R package 574 

(version 0.21.0) was used for de novo discovery of mutation signatures associated with the 575 

Asian cohort. The MutationalPatterns40 (version 1.6.2) R package was used to characterize and 576 

visualize the results from the de novo signature inference from NMF. The resulting signature 577 

contribution proportions were used to cluster samples using the hierarchical clustering with 1-578 

cosine similarity distance and average linkage function. Fisher’s Exact Tests were used to find 579 

significant clinical co-occurrences with the signature groups. The same process was performed 580 

on the TCGA cohort. 581 

To survey the histories of the different mutational processes, we performed clonality analysis 582 

on mutational signatures. Mutations in each patient were separated into early or late mutations 583 

based on their copy number and cancer cell fraction (see Clonality Analysis below). Mutations 584 

in each category were then outputted to MutationalPatternsto estimate proportions of the 585 

signatures previously identified by NMF in each sample.  To explore the mutational strand 586 

asymmetry profiles, MutationalPatterns was used to dissect both the transcriptional and 587 

replicative strand bias. 588 

RNA clustering using non-negative matrix factorization (NMF) 589 

Raw RNA sequence reads from the 172 tumours and 88 normal samples from 181 patients of 590 

the Asian cohort and 220 tumour-normal paired samples of the Caucasian cohort were aligned 591 

to the reference genome (UCSC hg19 with annotations from GENCODE v19) using STAR88 592 

(version 2.5.2a). Gene expression was subsequently quantified using RSEM89 (version 1.3.0). 593 

The estimated expression counts from RSEM were then normalized using DESeq290 (version 594 

1.16.1) followed by log transformation (adding 1 pseudo count and log 2 transformation). For 595 



clustering of the tumour samples, the top 3000 most variable coding genes (based on median 596 

absolute deviation) were chosen from the expressed genes (genes with at least 10 samples 597 

showing non-zero counts) among tumour samples in each cohort. In order to identify robust 598 

clusters, an unsupervised clustering method known as non-negative matrix factorization 599 

(NMF), was used (NMF R-package version 0.21.039). Optimal rank parameters were first 600 

determined using 50 runs of random starting points with default settings, followed by 300 runs 601 

with the optimal ranks to get the final NMF clustering solutions. Silhouette analysis was 602 

performed to assess the consistency of the clustering solutions. The clustering solution of 603 

rank=4 in the Asian cohort showed a low average silhouette value (<0.6) and was excluded 604 

from further analysis (Supplementary Fig. 19).  605 

Principle component and survival analysis of the RNA subtypes 606 

Based on the same set of 3000 genes used in the NMF clustering, principal component analysis 607 

(PCA) was performed using R built-in function prcomp. PCA plots were generated using the 608 

first two PCs and sample points were coloured based on their NMF clusters. Survival outcomes 609 

of each NMF cluster were estimated by the Kaplan-Meier method and the log-rank test was 610 

used to calculate the p-values.  611 

Subclass mapping of the RNA subtypes 612 

To compare the clusters and sub-clusters identified from both Asian and Caucasian cohorts, an 613 

unsupervised subclass mapping method SubMap46 (version 3) was used to identify 614 

correspondence or commonality of subtypes from the two cohorts. SubMap analysis was 615 

performed on the GenePattern online platform using default settings with a random seed of 616 

12345. The genes used were the intersection of the genes selected for the NMF clustering (3000 617 

most variable genes in each cohort) from the two cohorts. Significant correspondences were 618 

identified with a cut-off of Bonferroni adjusted p-value <0.01 (Fig 3b, blocks with p-value 619 

annotations). 620 

GSEA and immune profile analysis of the RNA subtypes 621 

DESeq2 with default settings was used for identifying differentially expressed genes and 622 

determining their log fold change between NMF clusters. For gene set enrichment analysis 623 

(GSEA)91, a pre-ranked list of genes were generated based on the log fold change. Using fgsea 624 

R package (version 1.2.1), GSEA was performed with the hallmark gene set (version 6.2) from 625 



MSigDB92,93. The significantly enriched gene sets were filtered based on a cut-off of q-626 

value<0.01.  627 

To decompose the immune components of tumour samples, the imsig R package (version 1.0.0) 628 

was employed which uses a set of immune gene signatures generated by a network-based 629 

deconvolution approach47. The imsig also provides gene signatures of biological processes such 630 

as proliferation and interferon response, named “proliferation.module” and “interferon.module” 631 

(Fig 3e). To further evaluate if the RNA subtypes would have different responses to immune 632 

therapy, we compared the expression levels of PD1 (PDCD1), PDL1 and CTLA4, the immune 633 

infiltration levels and the immune evasion levels. The ESTIMATE R package48 (version 1.0.13) 634 

was used with default settings to decompose the immune component from the expression 635 

counts, resulting in the immune score where higher score denotes higher immune component 636 

in a tumour. To predict the responses to ICB therapy for patients in our study, an 18-gene T 637 

cell–inflamed gene expression profile (GEP) were used, and a GEP score for each sample was 638 

calculated as a weighted sum of these 18 genes after normalization with 11 housekeeping genes 639 

following previously published methods51,52. To confirm these findings with the expression 640 

level of proteins, we further performed multiplex immunohistochemistry/immunofluorescence 641 

for CD8, CD68, CD3, and PDL1 in a subset of 37 tumour samples (Supplementary Note 4). 642 

Clonality Analysis 643 

To determine the clonality of each mutation, i.e. if the mutation occurs early or late in tumour 644 

evolution, EstimateClonality41 (version 1.0) was used to assign each somatic mutation as either 645 

early or late based on its mutation copy number and cancer cell fraction. Only mutations with 646 

a minimum VAF of 0.05, minimum variant read depth of 5, and minimum total read depth of 647 

30 were used. The proportion of late mutations (pLM) were calculated for each patient by 648 

calculating the proportion of late mutations over total mutations (early plus late), which can be 649 

used as an estimation of intra-tumour heterogeneity (ITH).  650 

In addition to the pLM, we adopted three other metrics: number of clones (Num.Clone), 651 

Shannon Index (SI), and MATH score. The number of clones was calculated by EXPANDS94 652 

(version 2.0.0) using the variants called by Mutect and the depth ratio of each mutation inferred 653 

by Sequenza with the parameter maxS set to 2.5. Based on the clone proportion estimated by 654 

EXPANDS, we further calculated the Shannon Index95 using the formula 𝑆𝑆𝑆𝑆 =655 

−∑ 𝑝𝑝𝑖𝑖 ln 𝑝𝑝𝑖𝑖𝑁𝑁𝑁𝑁𝑁𝑁.𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
𝑖𝑖=1 , where pi is the proportion of clone i. MATH score96 is calculated using 656 



the formula 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀(𝑉𝑉𝑀𝑀𝑉𝑉𝑖𝑖)
𝑀𝑀𝐶𝐶𝑀𝑀𝑖𝑖𝑀𝑀𝐶𝐶(𝑉𝑉𝑀𝑀𝑉𝑉𝑖𝑖)

∗ 100 , where VAFi is a vector of the VAF of all mutations 657 

from sample i, and MAD stands for median absolute deviation. See supplementary Note 5 for 658 

detailed descriptions of these ITH metrics. 659 

Correlation of multilayer survival features 660 

A list of 24 features was curated which includes features of high importance in describing the 661 

clinical or genomic profiles, and those found to have stratifying effects on patient outcome. 662 

Stage, gender, age and smoker were included as basic clinical features. Driver genes that show 663 

significant stratifying ability in either Asian or Caucasian cohort were also included. All the 664 

four ITH features (pLM, number of clones, Shannon index and MATH score) were included 665 

to represent different aspects of ITH. Molecular features are macro-level summary statistics 666 

which provide overall descriptions of the genomic features, such as total tumour mutation 667 

burden (TMB), genome doubling (GD), genomic instability index (GII), genome doubling (GD) 668 

status, tumour ploidy and purity. Features that can stratify patient outcome were also included 669 

such as number of drivers (Supplementary Fig. 33, Supplementary Fig. 41) and signature 670 

groups. The effect of TKI treatment was examined but it was not included in the survival 671 

analysis, because only 36.6% of the EGFR mutant carriers received TKI and it did not show 672 

significant effect in the models in the Asian cohort (Supplementary Fig. 10, Supplementary 673 

Fig. 34). 674 

The pairwise correlations of all features were surveyed using various statistical tests and the 675 

FDR q-values were depicted as solid lines with various widths on Fig. 5a or reported on plots 676 

(Supplementary Fig. 35, Supplementary Fig. 39, Supplementary Fig. 40). For pairs of 677 

continuous variables, Student’s t-test of the linear regression coefficient was used for testing 678 

the significance. For pairs of categorical variables, Fisher’s exact test or Chi-squared test was 679 

used. For mixed pairs of categorical and continuous variables, Kruskal–Wallis test was used. 680 

FDR q-values were calculated from all correlation p-values within a cohort. Only correlations 681 

with FDR q-value < 0.01 are plotted on Fig. 5a. The weighted degree of connectivity of each 682 

group is calculated by averaging the − ln(𝐹𝐹𝐹𝐹𝐹𝐹) for all significant pairs within a group. 683 

Feature importance and prediction accuracy in survival analysis 684 

Several important statistics weighting feature importance in predicting patient survival were 685 

calculated. The simplest ones are the hazard ratio and the p-value of a feature in a univariate 686 

Cox model (Fig. 5a). To evaluate the importance in multivariate models, Cox proportional 687 



hazard models were used to represent linear and non-linear models. The Cox models were fitted 688 

using the cpf function in the rms R package97 with default parameters. The importance of each 689 

feature for the cox model was determined by the proportion of the Wald statistic of each feature 690 

over the sum of all Wald statistics of the model. As an approximation of the “adequacy index”98, 691 

this proportion of the Wald statistic indicates the proportion of explainable log-likelihood 692 

contributed by a feature.  693 

To examine the prediction accuracy of each type of features, the Harrell's concordance index99 694 

(c-index, calculated by survcomp R package100) were used (Fig 5). To gain the estimate 695 

distributions of c-index, samples were randomly separated into training (80%) and test (20%) 696 

sets for 100 times, a process similar to a previous study55. For fair comparisons across the two 697 

cohorts, the proportion of smokers were balanced by randomly down-sampling non-smokers 698 

in the Asian cohort to be the same as the number of non-smoker in the Asian cohort, and down-699 

sampling smokers in the Caucasian cohort similarly (Supplementary Fig. 45). To better 700 

understand the differences among patients with good and bad outcomes, patients within the 701 

same ethnic cohort were divided evenly into three survival groups based on the predicted 702 

hazard from the multivariate Cox model with 24 features.  703 

Statistics 704 

Unless specified otherwise, two-sided Fisher’s exact test were used for the p-value calculations 705 

for two categorical variables, while Wilcoxon rank sum test were used for two continuous 706 

variables. For all boxplots, box plots the first and third quartiles; middle line plots median; and 707 

whiskers plot at 1.5×IQR away from the box. For Fig. 1b panel TMB and for cohort comparison 708 

of number of drivers in the main text, the p-values were calculated with one-sided t-test. For 709 

Fig. 1e, of the correlation between driver genes and clinical phenotypes, we separate patients 710 

into younger (<=64 yrs, median age in the Asian cohort) and older (>64 yrs) groups, and then 711 

employed the one-sided Fisher’s exact test to determine if the mutation of a driver was enriched 712 

in a certain group using a 2x2 contingency table. FDR p-value correction was performed and 713 

correlations were reported when FDR<0.1.  Log-rank tests were used for comparing survival 714 

distributions. 715 

  716 



Data availability 717 

Raw sequencing data have been deposited in the European Genome-phenome Archive (EGA, 718 

http://www.ebi.ac.uk/ega/) under accession codes EGAD00001004421 and 719 

EGAD00001004422. All clinical records, somatic mutations, copy number variations and 720 

histological images from our study are hosted in OncoSG (https://src.gisapps.org/OncoSG/) 721 

under data set “Lung Adenocarcinoma (GIS, 2019)” (Supplementary Note 6).    722 
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