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Lung adenocarcinoma (LUAD) is the most common type of 
lung cancer, with over 1 million deaths annually worldwide1,2. 
Several large-scale genomic studies have analyzed the genomic 

landscape of LUAD3–6 and characterized important therapeutic tar-
gets such as EGFR and ALK. Moreover, immune checkpoint block-
ade (ICB) has been associated with substantial efficacy in LUAD 
patients with high PDL1 (CD274) expression, tumor mutation bur-
den (TMB) and gene expression profile (GEP) score7–11. Despite this 
progress, how to stratify patients for treatment with appropriate 
therapeutic approaches remains a challenge of high priority12.

Genomic studies of LUAD thus far have been based on smoker-
dominated populations of European ancestry. However, LUAD 
seems to differ markedly between individuals of Asian and 
European ancestry. For example, East Asian-ancestry (EAS) LUADs 
are enriched in female nonsmokers, while most European-ancestry 
(EUR) LUADs tend to occur in male smokers. Mutations in EGFR 

are present in 40–60% of EAS LUADs but in only 7–10% of EUR 
LUADs13–17. Moreover, several new driver genes in EAS have been 
discovered in modestly sized Chinese cohorts17–19, suggesting that 
genomic disparities may be greater than previously expected. 
Intra-tumor heterogeneity (ITH), an important metric for tumor 
evolution and patient survival, was also reported to be higher in 
EAS EGFR-mutant nonsmokers than in their EUR counterparts20. 
Despite these observations, ancestry differences in LUAD genomics 
have yet to be elucidated systematically due to the lack of a suffi-
ciently large EAS cohort.

To address the above challenges, we sequenced the whole 
exomes (n = 210) and transcriptomes (n = 181) of 213 Chinese 
LUAD patients from Singapore. Along with previously published 
whole-exome sequencing (WES) data of 92 Chinese patients17, we 
present here a large genomic and transcriptomic dataset for EAS 
LUAD (n = 305). By comparing the genomic landscapes of LUAD 
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from EAS and EUR4 using the same analysis pipelines, we identi-
fied strong differences in driver mutations, copy number alterations 
(CNAs) and RNA transcriptomic subgroups. Integrating a network 
of clinical and genomic features, we found that EAS LUADs have 
better prediction accuracy for patient outcomes than EUR LUADs, 
possibly due to the more stable genomic profiles of the former.  
We depicted a comprehensive genomic landscape of EAS LUADs 
and characterized complex ancestry differences with important 
clinical implications.

Results
Patient samples and sequencing. We recruited 213 LUAD patients 
of Chinese descent from Singapore and performed WES and 
transcriptome sequencing on 210 and 181 patients, respectively 
(Supplementary Table 1). The mean coverage for WES was 89× 
(range, 51.5–182.1×) and the average number of paired-end reads 
for RNA-sequencing (RNA-seq) was 31.1 million (range, 11.9–
88.7 million). We included WES data for 92 Chinese patients from 
a recent study by Beijing Genome Institute (BGI)17 to form a large 
EAS LUAD cohort (the ‘EAS cohort’, n = 305; Fig. 1a, Supplementary 
Table 1 and Supplementary Fig. 1). To assess differences in ancestry, 
we also downloaded and processed raw exome and RNA-seq data 
for 249 patients with LUAD of European ancestry from The Cancer 
Genome Atlas (TCGA) using the same analysis procedures21–25  
(the ‘EUR cohort’; Fig. 1a, Supplementary Table 2, Supplementary 
Fig. 2 and Supplementary Notes). Compared to the EAS cohort, 
EUR patients included more smokers with higher cigarette pack-
years (Fig. 1b and Supplementary Fig. 1). In general, the two cohorts 
were similar in both stage and age, as well as other clinical features. 
Despite the limited number of EUR never-smokers (n = 68), our 
EAS cohort allowed for direct comparison between smokers and 
never-smokers across two ancestry backgrounds.

With Mutect26 and Strelka27, 67,274 single-nucleotide variants 
(SNVs) and 6,404 insertions/deletions (indels) were discovered 
in the combined EAS cohort (Supplementary Table 3). With tar-
get amplicon sequencing (see Methods), we successfully validated 
325 variants out of 335 SNVs (true positive rate of 97% after addi-
tional filtering of variants; see Methods, Supplementary Notes and 
Supplementary Table 4). The median TMB of our EAS cohort was 
2.04 per Mb (mean 4.05 per Mb), much lower than that of the EUR 
cohort (median 5.08 per Mb, mean 7.78 per Mb). Using a multivari-
ate linear model, we found smoking status to be the major variable 
correlating with TMB (Supplementary Fig. 3), where the TMBs of 
nonsmokers (EAS: median 1.81 per Mb, mean 2.31 per Mb; EUR: 
median 1.81 per Mb, mean 3.17 per Mb) were much lower than those 
of smokers (EAS: median 3.29 per Mb, mean 6.96 per Mb; EUR: 
median 7.01 per Mb, mean 9.66 per Mb) in both cohorts. Notably, 
both EAS smokers and nonsmokers showed significantly lower 
mutation burden than their EUR counterparts (Fig. 1b; q = 0.04 for 
smokers, q = 0.07 for nonsmokers) even after controlling for possi-
ble confounding factors including subtle differences in the reference 
genome (Supplementary Figs. 3 and 4 and Supplementary Notes).

Driver genes in EAS LUADs. With larger sample sizes, we aimed to 
identify driver genes, especially those median to rare drivers in the 
EAS cohort. By combining two methods (MutSigCV28 and 20/20+ 
(ref. 29)), we identified 27 drivers at a false discovery rate (FDR) of 
0.1 (Fig. 1c, Supplementary Table 5 and Supplementary Figs. 5 and 
6). The most frequent drivers were EGFR (47%), TP53 (36%) and 
KRAS (11%). Potential fusion driver events were also detected30 and 
validated using transcriptomic data from the Singapore samples 
(Fig. 1c, Methods and Supplementary Table 6). Low driver abun-
dance seemed to be a dominant characteristic of EAS LUADs, 
concordant with their lower TMB profile. The average number of 
LUAD drivers per patient was only 2.08 among EAS nonsmokers 
(2.65 among EUR nonsmokers, P = 0.045) and 3.64 among EAS 

smokers (5.56 among EUR smokers, P = 4.2 × 10−6), while 13.24% of 
all patients had no known driver mutations or driver fusion events 
(2.81% in EUR)31,32.

In addition to the known driver mutations, we also identified 
seven new LUAD driver genes: PARP4 (6%), EPRS (4%), LYST 
(4%), NCOR2 (2%), PBRM1 (2%), RASA1 (2%) and ZMYM2 (2%). 
NCOR2 and PBRM1 are listed in the Cancer Gene Census (CGC) 
for other cancer types. NCOR2 is known to drive tumorigenesis in 
prostate cancer33, while PBRM1 is described as a tumor suppressor 
gene for both renal and breast cancer34. PARP4 encodes a member of 
the PARP protein superfamily regulating DNA repair and genome 
instability, and is related to various cancer types35–37. The other new 
drivers, including EPRS38, LYST39, RASA1 (refs. 40,41) and ZMYM2 
(ref. 42), showed mutational patterns typical of tumor suppressors 
(Supplementary Fig. 5) and are known to be involved in tumorigen-
esis in other cancer types.

When comparing driver genes across the cohorts, 15 genes 
among smokers and four among nonsmokers showed significant 
differences in frequency (Fig. 1d). The EAS cohort harbored more 
patients with mutations in EGFR and PARP4, but had lower fre-
quencies for classical driver genes such as KEAP1, STK11, NF1, 
BRAF and KRAS. Most of these differences remained significant 
even after controlling for other confounding factors or restriction to 
only functional mutations43 (Supplementary Figs. 7 and 8). Overall, 
we demonstrated that driver composition among EAS and EUR 
LUAD patients was different.

Correlation between drivers and clinical phenotypes. Correlating 
driver mutations with clinical features in the EAS cohort, we found 
that mutations in EGFR were enriched in females while TP53, KRAS, 
APC, EPRS, LYST and KEAP1 mutations were enriched in males 
and smokers (Fig. 1e). TP53 mutations occurred more frequently 
in younger patients (mean age 61.3 versus 64.0 years, q = 0.098; 
see Methods), whereas RBM10 mutations occurred more in older 
patients (mean age 72.1 versus 62.3 years, q = 0.057). Subsequently, 
we tested potential correlations between driver status and patient 
survival using multivariate Cox models to account for clinical  
variables (stage, smoking, sex and age). In the EAS cohort, mutations 
in four drivers (KEAP1, PBRM1, APC and PDGFRA) correlated 
significantly with poor survival but mutations in EGFR conferred 
survival benefit44–46 (Extended Data Fig. 1 and Supplementary 
Fig. 9). Applying the same analytical pipeline to the EUR cohort, 
we found a different set of drivers (CDC27, STK11, SETBP1  
and SKIV2L2) to stratify the patients (Extended Data Fig. 1).  
In terms of driver co-occurrence and mutual exclusivity, mutations 
in TP53, NAV3, LRP1B and several other genes often co-occurred in 
the EAS cohort, whereas the only mutually exclusive driver pair was 
EGFR and KRAS (Supplementary Fig. 10). This corroborates the 
notion that EGFR is a dominant driver and tends to drive tumori-
genesis per se20.

Ancestry differences in CNAs. We identified significantly altered 
copy number variations (CNVs) using Sequenza47 and the Genome 
Identification of Significant Targets in Cancer (GISTIC) 2.0 algo-
rithm48. At the chromosomal level, the EAS cohort showed a lower 
degree of arm-level CNV than the EUR cohort and such differences 
were more pronounced in deletions (Fig. 2a and Supplementary 
Table 7). However, many focal CNVs around driver gene amplifica-
tions in EGFR, MYC and KRAS, as well as deletions in FAT1, APC 
and STK11, were found in both cohorts (Fig. 2b, Supplementary 
Table 8 and Supplementary Figs. 11 and 12).

We further inferred CNVs for both smokers and nonsmokers 
across the two cohorts and calculated ploidy, genome doubling 
and percentage of genome altered (that is, genomic instability 
index or GII; Methods). Compared to EUR smokers, EAS smok-
ers exhibited significantly lower levels of aneuploidy, had a lower 
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percentage of tumors with genome doubling and showed lower 
GII, which was mainly contributed by fewer deletion events (Fig. 2c  
and Supplementary Fig. 13). These ancestry disparities remained 
significant even after controlling for potential confounding features 
(Supplementary Fig. 13), as well as when restricting the cohorts to 
smokers defined based on mutational signatures3 (Supplementary 
Notes and Supplementary Fig. 14). In contrast, copy number dif-
ferences among nonsmokers were less significant even though the 

overall trend was maintained (for example, ploidy, Fig. 2c). Overall, 
the results suggest that EAS LUADs had fewer genomic alterations 
and were less complex in genomic profiles than EUR LUADs.

Mutational signatures in EAS LUADs. Using the nonnegative 
matrix factorization (NMF) algorithm49,50, we discovered ‘aging’ 
(COSMIC Signature 1), ‘smoking’ (Signature 4) and ‘APOBEC’ 
(Signature 2) in the EAS cohort (Supplementary Fig. 15). Using 
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the relative contributions of these signatures, we clustered patients 
into three signature groups (Fig. 2d). The smoking group signifi-
cantly correlated with male smokers and more KRAS mutations, 
while the aging group showed the reverse pattern (Supplementary 
Fig. 16). Among smokers, EAS had a higher proportion of aging 
signatures than EUR, while among nonsmokers, the signature pro-
portions were similar across cohorts (Supplementary Fig. 17). To 

understand the mutational history of tumorigenesis, we partitioned 
the mutations into early (clonal) and late (subclonal) mutations51 
and compared the relative contributions of the three signatures (see 
Methods). The APOBEC signatures were enriched in late muta-
tions52 while the smoking signature was more prominent among 
early mutations in both cohorts (Supplementary Fig. 17). We 
further analyzed mutational strand asymmetries with regard to 
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transcription-coupled repair (transcription asymmetry) and DNA 
replication-associated mechanisms (replication asymmetry) dur-
ing mutagenesis53. Transcription asymmetry profiles were similar 
across the two cohorts, with similar discrepancies seen between 
smokers and nonsmokers (Supplementary Fig. 18). However, rep-
lication asymmetry profiles were less concordant. This result indi-
cated that different mutagenic processes related to DNA replication 
may be involved in tumorigenesis across the two cohorts.

A new inflammatory subtype in EAS LUADs. Previous studies on 
transcriptomic profiles of EUR LUADs using supervised clustering 
methods identified three major transcriptomic clusters: Terminal 
respiratory unit (TRU), proximal proliferative (PP) and proximal 
inflammatory (PI)4,54,55. To identify robust transcriptomic clusters 
across cohorts, we processed RNA-seq data uniformly for 172 EAS 
and 249 EUR LUAD tumor samples and clustered them in each 
cohort using the (unsupervised) NMF method. In both EAS and 
EUR cohorts, the NMF algorithm suggested two or three groups 
as the best clustering solutions (Supplementary Fig. 19). In the 
two-group partition, a TRU and a non-TRU cluster were found 
in both cohorts (Fig. 3a, top), with consistent expression patterns 
(Fig. 3b and Methods56). The TRU clusters showed better survival 
(Fig. 3a) and were characterized by features closer to normal tissue 
(Extended Data Fig. 2), including downregulation of proliferation-
related pathways57 (Fig. 3c, Methods and Supplementary Fig. 20), 
lower TMB and lower genome instability (Fig. 3c,e,g, Supplementary 
Table 9 and Supplementary Figs. 21 and 22), suggesting a conserved 
basal partition of LUADs across cohorts.

To further understand RNA clustering, we partitioned patients 
in each cohort into three subclusters (Fig. 3a, bottom). In the EUR 
cohort, NMF successfully recovered the three subclusters previ-
ously defined by supervised clustering4 (Supplementary Fig. 23). 
In a comparison of the subclusters across cohorts, two of the EAS 
subclusters were highly similar to the EUR TRU and PI subclus-
ters, and thus were named accordingly4 (Fig. 3b and Supplementary 
Fig. 24). Notably, we found a new RNA subcluster unique to the 
EAS cohort (Fig. 3b,f) with upregulation of inflammation-related 
genes58,59 and a higher level of immune infiltration57,60 (Fig. 3d,g and 
Supplementary Table 10). Thus, we named this new subtype ‘TRU-
inflammatory’ (TRU-I), since most of its members were among the 
TRU cluster in the two-group partition (Fig. 3a,g).

Compared with other EAS subclusters, the TRU-I subcluster 
had the lowest level of TP53 mutation, purity and CNV (Fig. 3e 
and Supplementary Fig. 25). Decomposition of the immune com-
ponents from the transcriptomic data57 showed that the TRU-I 
subcluster had the highest proportions of T cells, macrophages, 
neutrophils, natural killer (NK) cells and monocytes (Fig. 3d,e and 
Supplementary Figs. 25 and 26), though it did not differ significantly 
from TRU regarding survival outcomes, TMB and number of driv-
ers (Fig. 3a,e and Supplementary Fig. 25). In the EUR cohort, simi-
lar segregations on inflammatory features were observed between 
the PI and EUR-specific PP subclusters, where the PP subgroup was 
more immunologically suppressive (Fig. 3d,e, Supplementary Table 
11, Supplementary Figs. 27 and 28 and Extended Data Fig. 3). These 
results suggested that inflammatory features formed an important 
axis across cohorts that could stratify LUAD transcriptomes and 
might help identify patients suitable for immunotherapy.

Ancestry differences in therapeutic opportunities. The profile of 
genomic alterations across the two cohorts shed light on the poten-
tial differences in treatment. One key pathway with many targetable 
genes, including EGFR, is the RTK/Ras pathway. Integrating muta-
tions and CNVs, significantly more somatic alterations in KRAS, 
ALK and ERBB4 were found for smokers, as well as in MET for non-
smokers when comparing EUR to EAS (Fig. 4a and Supplementary 
Fig. 29). This is concordant with the higher genomic changes in EUR 

LUADs. In contrast, EGFR mutations were consistently more preva-
lent in EAS regardless of smoking status. Consequently, the RTK/
Ras pathway was mutated more frequently in EUR for smokers, but 
this trend was reversed among nonsmokers (Fig. 4b). Inspecting 
a set of hallmark oncogenic pathways61, the EUR cohort showed 
higher alteration frequencies across all pathways for smokers  
(Fig. 4b). However, among nonsmokers, significantly higher altera-
tion rates were observed only for the TGFβ and NRF2 pathways in 
the EUR cohort (Fig. 4b).

Since not all somatic changes can lead to targetable mutations, 
we compared these somatic changes to OncoKB, a well-curated 
clinical and molecular database62. Across all targetable somatic 
changes, EGFR alterations were the dominant genetic changes in 
both cohorts (Fig. 4c). Even though EUR patients have a higher 
prevalence of amplifications in MET (2.4 versus 0.33%) and CDK4 
(4.8 versus 2.3%), such alterations were relatively infrequent and 
are still under ongoing drug development. In addition to targeted 
therapy, the advent of immunotherapy has expanded the therapeu-
tic repertoire for LUAD. Using GEP score (a pan-tumor predictor 
for response to immunotherapy10,11; see Methods), we found sig-
nificantly higher GEP scores in EAS (Fig. 4d), suggesting a higher 
potential for ICB treatment in this group of patients. Since patients 
with EGFR mutations tend to have lower GEP scores (Fig. 4d) as 
well as poor response to ICB treatment63, we focused on EGFR wild 
type (WT) patients in both cohorts. Notably, the EAS TRU-I sub-
type consistently showed higher T  cell infiltration, PDL1 expres-
sion and GEP score (Fig. 4e), suggesting the TRU-I phenotype as a 
potential biomarker in the selection of patients for ICB treatment.

Integrative analysis of multiple data layers. Predicting patient out-
comes by integrating features from multiple layers remains a peren-
nial challenge in the field. In this study, several highly correlated 
clinical and molecular features were found to stratify patient out-
comes. For example, higher ITH was thought to predict poor sur-
vival64 but, in our EAS cohort, patients with EGFR mutations tended 
to have higher ITH (measured as the percentage of late mutations51 
(pLM; see Methods) and better survival outcomes (Supplementary 
Fig. 30). This highlighted the complex interaction between driver 
status and tumor heterogeneity20. To methodically investigate the 
correlations among multidimensional features, we curated a list of 
24 features ranging from basic clinical and genomic status to fea-
tures that could stratify patient outcome (Supplementary Figs. 31 
and 32 and Methods). These features were then classified into four 
groups: clinical, driver genes, molecular and ITH-related (all but 
the first were also termed ‘genomic’ features). Plotting the correla-
tion structure across these features, we discovered a complex cor-
relation network in the EAS cohort (Fig. 5a, Supplementary Fig. 33 
and Methods). Notably, TMB- and CNV-related correlation clusters 
represented two major axes of genomic complexity connecting mul-
tiple data layers (Fig. 5a).

Previous pan-cancer studies have questioned the merit of large-
scale sequencing, reporting that patient outcome could be better 
predicted by clinical features than by genomic features65. Using 
univariate and multivariate Cox models, we evaluated the pre-
dictive power of multilayer features in our EAS cohort. Based on 
the univariate P value and the importance in multivariate models, 
clinical and driver genes were found to be the strongest predictors,  
followed by molecular and ITH features (Fig. 5a,b, Supplementary 
Fig. 34 and Methods). A similar trend was seen when evaluating 
these feature groups individually using c index for prediction accu-
racy (Fig. 5c and Methods). ITH features generally performed the 
worst, indicating that heterogeneity inferred from single-sector data 
might be insufficient in predicting patient survival66. According to 
the predicted hazard from the multivariate Cox model, we parti-
tioned patients into three survival groups with differing prognosis, 
and observed clear segregation across multiple genomic features 
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(Fig. 5e,f and Supplementary Fig. 35). While clinical features were 
strong predictors, we found that genomic features also predicted 
patient survival reasonably well per se, and that multivariate mod-
els without the clinical features could still stratify patients between 
either early or late stage (Extended Data Fig. 4), underscoring the 
prognostic utility of genomic sequencing.

We observed many similar trends when we performed the same 
analysis on the EUR cohort: (1) EGFR mutant lung cancer also had 
higher ITH (Supplementary Fig. 30); (2) a highly correlated network 
structure among features with the TMB- and CNV-related clusters 
(Supplementary Figs. 36 and 37); (3) clinical features ranked top 

in predicting patient survival, followed by driver genes (Fig. 5b,c 
and Supplementary Figs. 34 and 38); (4) genomic features segre-
gated clearly among different survival subgroups (Supplementary 
Figs. 39–41); and (5) genomic features per se could stratify patients 
within early- or late-stage tumors (Extended Data Fig. 4). The overall 
similarity suggested that the basic architectures of LUADs are quite 
conserved across ancestry backgrounds. Despite these similarities, 
predictive accuracies of survival outcome were generally higher in 
EAS than in EUR (Fig. 5c), even when controlling for differences in 
smoking status, sample size or mutation status of EGFR between the 
two cohorts (Extended Data Fig. 5). Since EUR LUADs had more 
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genomic changes, the poor survival predictability in EUR might be 
a characteristic associated with unstable genomes. Comparing pre-
dictive accuracies among patients with different levels of genome 
stability, we observed higher predictive accuracies for tumors with 
lower ploidy in both cohorts with clinical or driver gene predic-
tors (Fig. 5d). Thus, the more stable genomes in EAS LUADs may 
account for their better predictive accuracies than EUR.

Discussion
With a large cohort size and uniform computational procedures, 
we systematically profiled the genomic landscape of EAS LUADs  
and revealed striking differences from EUR LUADs (Extended Data 
Fig. 6). EAS LUADs were characterized by more stable genomes 
with fewer genomic alterations; this difference is stronger among 
smokers than nonsmokers. In a comparison of transcriptomic 
profiles, EAS LUADs were found to harbor an ancestry-specific 

inflammatory subtype with high potential for ICB therapy. In the 
integrative survival analysis, molecular features were found to  
offer important information beyond clinical features in patient 
stratification. Moreover, EAS LUADs showed higher prognostic 
prediction accuracy than EUR LUADs, possibly due to a less com-
plex genomic constitution.

Ancestry differences in cancer have long been recognized across 
several tissue types, being explained by genetic predisposition67–69 
and environmental factors such as lifestyle and viral/bacterial infec-
tions70–72. However, we found that smoking status was insufficient 
to explain many ancestry differences in genomic profiles between 
the two cohorts (Supplementary Figs. 3 and 13), matching earlier 
epidemiological studies73. Thus, intrinsic genetic predispositions74,75 
or other environmental factors73,76,77 could play important roles in 
ancestry differences in lung cancer. Due to changes in lifestyle, the 
incidence of LUAD among EUR females is also increasing, which 
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was not fully explained by smoking behavior78,79. Further studies 
aimed at understanding the factors determining ancestry differ-
ences can provide unique insights into the biology of lung cancer.

Comparing transcriptomic subtypes across ancestry back-
grounds, our analysis identified unexpected similarities and differ-
ences. Both cohorts shared the basal separations between TRU and 
non-TRU80, which also matched the first principal component of 
the transcriptomic space (Fig. 3a). Such separations were character-
ized by the differential expression of proliferation-related gene sets 
such as the G2M checkpoint, MYC targets and mTORC1 signaling 
(Fig. 3g, Supplementary Table 9, Supplementary Figs. 20–22 and 
Extended Data Fig. 3). Further clustering showed separations along 
the inflammatory axis, resulting in two cohort-specific subtypes: 
the more immunologically active TRU-I subcluster in EAS and the 
immune-suppressed PP subcluster in EUR (Fig. 3f). Separation 
along this axis matched the second principal component (Fig. 3a) 
characterized by the differences in inflammation gene sets, includ-
ing inflammatory response and interferon-γ response (Fig. 3g, 
Supplementary Tables 10 and 11, Supplementary Figs. 25, 27 and 28 
and Extended Data Fig. 3). Based on these observations, we propose 
that the proliferation and inflammation axes segregate LUAD tran-
scriptomic subgroups (Fig. 3f). The two cohort-specific subclusters 
(TRU-I and PP) represent tumors located at opposite quadrants of 
the transcriptomic landscape. The TRU-I subgroup consists of less 
proliferative but more inflammatory tumors, while the PP subgroup 
consists of more proliferative and less inflammatory tumors.

We further observed that some of the molecular features 
accounting for ancestry differences were connected. It is known that 
tumors with high genome instability have a high proliferation pro-
file (for example, upregulated cell cycle pathways) and low immune 
infiltration81,82. Because EUR LUADs feature higher genomic 
instability (that is, higher TMB and CNV), ancestry differences in 
genome instability may have contributed to the two cohort-specific 
transcriptomic subtypes: TRU-I (more stable genome, low prolif-
eration and high immune infiltration) and PP (unstable genome, 
high proliferation and low immune infiltration). Moreover, higher 
genome instability might also have contributed to poor prognos-
tic prediction in the EUR cohort. Thus, the study of ancestry dif-
ferences in lung cancer illustrates how genomic changes regarding 
molecular and clinical phenotypes can be unified to generate a 
unique resource, and forms the basis to uncover the factors leading 
to ancestry differences between EAS and EUR.

In terms of patient stratification and clinical utility, both the 
proliferation and inflammation axes could offer important oppor-
tunities. The proliferation axis can stratify patient outcome across 
cohorts even when considering potential confounding factors80. 
The inflammation axis may also predict a patient’s response to ICB 
therapy based on levels of immune infiltration, expression of PDL1 
and ICB response signatures (that is, GEP). Delineating these fea-
tures may provide a rationale for combination approaches targeting 
proliferating subtypes (for example, with chemotherapy or targeted 
therapies) or alternative immune cell types (for example, macro-
phages) and the tumor microenvironment (for example, inflamma-
tory cytokines) in inflammatory subtypes. In regard to the EGFR 
mutant population, TRU-I was observed in 36.3% of patients. With 
consistently elevated levels of immune cells in the TRU-I group, 
future combinatorial approaches addressing other immune cell 
types (for example, macrophages; Fig. 4e), in addition to T  cells, 
are warranted. Moreover, although previous survival analyses have 
suggested clinical features to be more robust predictors of patient 
survival than genomic phenotypes65, we found that genomic fea-
tures can effectively supplement traditional clinical features to 
both stratify patient outcome and tailor bespoke therapies based on 
individual risk profiles. Approaches including deep learning-based 
methods83 could further integrate such multidimensional data to 
drive precision medicine programs in the future.
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Methods
Patient recruiting, sample sequencing and public data processing. Patients 
with lung adenocarcinoma were recruited from the National Cancer Center of 
Singapore with written informed consent. All tumor specimens were reviewed 
by pathologists to determine the histological subtype, histological grade and 
TNM staging (Supplementary Table 1). Tumor and adjacent normal tissues were 
harvested by pathologists following surgical resection and biopsy, respectively. 
Adjacent normal lung tissue or blood was used as a matched normal control. 
DNA and RNA were extracted using the AllPrep DNA/RNA/miRNA Universal 
kit (Qiagen). For WES, 200–1,000 ng of genomic DNA was sheared to shorter 
fragments using the Covaris system, and then subjected to library preparation 
using NEBnext End repair, A-tailing and Ligation modules (New England Biolabs), 
with a partially double-stranded custom adaptor (Supplementary Table 12) 
followed by PCR with i5 and i7 index primers to generate dual-indexed libraries. 
Six dual-indexed libraries were pooled in each capture with the SeqCap EZ Human 
Exome v.3.0 kit (Nimblegen). Captured DNA was washed, purified and amplified, 
then subjected to 2 ×151-bp sequencing in one lane on a HiSeq 4000 sequencer 
(Illumina). For RNA-seq, 1.2–4 μg of total RNA was used for library preparation 
with the TruSeq Stranded mRNA Sample Preparation Kit (Illumina), with 
fragmentation at 80 °C for 2 min. Twenty-four samples were pooled into a single 
multiplex library, and each library was subjected to 2 × 101-bp sequencing in three 
lanes on a HiSeq 2000 sequencer (Illumina) with V4 reagents.

Raw RNA-seq fastq and WES BAM files of 272 patients from the TCGA LUAD 
project were downloaded from the TCGA legacy archive (including 229 patients 
from the first stage of TCGA LUAD4 and all 43 accessible never-smoker patients 
from the TCGA LUAD cohort), and raw WES and WGS BAM files of 92 patients 
from the BGI cohort were downloaded from EGA (Supplementary Notes and 
Supplementary Table 1). The ancestry of each patient was inferred using data from 
the Human Genome Diversity Project84, and 22 patients of non-European origin 
were excluded from the TCGA cohort (Supplementary Notes and Supplementary 
Fig. 2). One patient from the TCGA cohort was further excluded due to the 
exceptionally high number of somatic variants present in comparison to published 
reports (Supplementary Note).

Somatic variant identification. For the Singapore and BGI cohorts, short-
sequence reads were mapped to the human reference genome GRCh37 (GATK 
Resource Bundle v.2.8) using BWA-MEM (v.0.7.12)85 with default parameters. 
Following GATK best practice21,22, PCR duplicates were first removed and 
subsequently realigned and recalibrated (available at https://github.com/gis-rpd/
pipelines, GATK v.3.1.1). Similar steps, including marking duplication, realignment 
and recalibration, were performed for BAM files from the TCGA cohort. SNVs 
were identified using MuTect26 (v.1.1.7). To reduce false-positive calls, a panel of 
normal was created for each cohort of the same library preparation kit, using all 
normal samples in the same cohort. Tumor samples were then used to call  
somatic mutations against the paired normal and filtered with the corresponding 
panel of normal. In addition, based on the validation results (see below), we  
further filtered out mutations tending to be false positives, retaining only 
those supported by at least three mutation reads with variant allele frequency 
(VAF) > 0.08. Somatic insertions and deletions (indels) were called using Strelka27 
(v.1.0.15) with default parameters.

Variant validation by targeted capture deep sequencing. To validate variants 
identified by WES, we randomly selected 55 variants from seven patients (a total 
of 385 variants of which 370 were SNVs and 15 were indels) and designed a pool 
of customized PCR primers for targeted amplification and deep sequencing. 
Libraries were constructed based on PCR amplicons and sequenced using the 
Illumina MiSeq platform to a mean coverage of 5,941 at targeted sites. Sequencing 
reads from the validation data were flowed through a procedure similar to WES 
sequencing. A somatic variant was considered validated if it met the following 
criteria: (1) the same alternative allele at the same position was observed in both 
WES and deep sequencing at the target position; (2) tumor VAF > 0.02; and 
(3) normal DNA VAF < 0.01. Of the 385 targeted variants, 18 failed either in 
amplification or sequencing. Of the remaining 367 variants, three were found to 
be germline variants with VAF > 0.02) in both tumor and normal. Another 17 
were found to be false positive, with VAF < 0.01 in both tumor and normal. We 
thus obtained a raw validation rate of 94.6% (347/367). To reduce potential false-
positive variants, we updated our variant calling pipeline with additional filters 
(Supplementary Notes). After this adjustment, 338 out of 348 somatic variants were 
successfully validated with an adjusted validation rate of 97.13%.

Driver gene identification and driver frequency comparison. All somatic 
variants were first annotated using Oncotator23 (v.1.9.2). To identify driver 
mutations for the EAS cohort, MutSigCV28 (v.1.41) and 20/20+ (v. 1.1.2) 
(ref. 29) were used to infer significantly mutated driver genes (q < 0.1 in any 
caller, and nonsilent mutations n ≥ 5). We annotated LUAD drivers with a 
combination of driver lists: (1) significantly mutated genes in LUAD from nine 
publications3–5,17,28,86–89; (2) list of drivers from PanCancer and PanSoftware 
analyses90, subsetting to only those genes implicated as LUAD-related; and (3) new 
drivers identified from the EAS cohort in this study. To compare driver frequencies 

between cohorts, the numbers of patients containing nonsilent mutations for 
each gene were curated in each cohort (Fig. 1b), with the exclusion of one patient 
who harbored 30 mutations of APC. To identify drivers with significant cohort 
differences, we included only those with high mutation frequency in each cohort 
(smokers: more than nine patients in either cohort and with cohort difference of 
at least onefold change; nonsmokers: more than seven in EAS or more than four in 
EUR). Two-sided Fisher’s exact tests were then performed, and a FDR cutoff of 0.1 
was used for reported genes.

Fusion gene discovery and validation. Fusion genes and their respective fusion 
points were predicted by FusionCatcher30 (v.0.99.5a beta) with the RNA-seq data. 
Fusion genes called from the tumor samples were compared to those from normal 
samples to remove germline fusion alterations. In addition, genes annotated as 
‘probably false positive’ by FusionCatcher were also excluded. The resulting fusion 
genes were further filtered and subsequently subjected to experimental validation 
by PCR with reverse transcription (Supplementary Notes). Only validated fusions 
were used for downstream analysis. For Fig. 4, fusion genes of the EUR cohort were 
identified from the TumorFusions database32.

Identification of CNAs. For both EAS and EUR cohorts, Sequenza47 (v.2.1.2) 
was used to estimate both the copy number profile (including allele-specific copy 
number) and tumor purity, and ploidy for each patient. Default settings were used 
following the recommendations of the manual. Genome doubling (GD) status 
for each sample was inferred by EstimateClonality51 (v.1.0) based on the copy 
number profile inferred by Sequenza. GII was calculated as the percentage of a 
tumor genome showing a copy number different from the per-base median of that 
genome (all CNVs are integers as inferred by Sequenza). GISTIC48 (v.2.0.23) was 
used to identify significantly amplified and deleted regions in each cohort. Output 
segmentations from Sequenza were used as the input for GISTIC. Specifically,  
the Seg.CN required by GISTIC was calculated with the depth.ratio estimation 
from Sequenza as Seg.CN = log2(2 × depth.ratio) – 1. To avoid bias from different 
sample ploidy, depth.ratios were further divided by the ploidy of each sample to 
correct for ploidy. The GISTIC parameters were set as follows: -genegistic  
1 -smallmem 1 -broad 1 -brlen 0.5 -conf 0.95 -armpeel 1 -savegene 1 -gcm extreme. 
Chromosome arms were labeled as ‘altered’ in each cohort if GISTIC q < 0.1. To 
identify arm-level CNV differences between cohorts, Fisher’s exact test were used 
followed by FDR correction for amplifications and deletions, respectively, and 
significant difference was determined when an arm was: (1) altered in both cohorts 
and Fisher’s exact test FDR < 0.1; or (2) altered in only one cohort (Fig. 2a). Peak 
regions with FDR q < 0.25 were called as significant peaks and were annotated with 
CGC (v.85) (Supplementary Figs. 11 and 12). To annotate common peaks in both 
cohorts, peak regions with >50% overlap across cohorts were merged and only 
those genes within the overlapping regions were annotated (Fig. 2b).

Mutational signatures identification and clustering. To uncover mutational 
processes active in LUAD patients, the NMF49 R package (v.0.21.0) was used for 
de novo discovery of mutation signatures associated with the EAS cohort. The 
MutationalPatterns50 (v.1.6.2) R package was used to characterize and visualize the 
results from the de novo signature inference from NMF. The resulting signature 
contribution proportions were used to cluster samples using hierarchical clustering 
with 1-cosine similarity distance and average linkage function. Fisher’s exact tests 
were used to detect significant clinical co-occurrences with the signature groups. 
The same process was performed on the TCGA cohort.

To survey the histories of different mutational processes, we performed 
clonality analysis on mutational signatures. Mutations in each patient were 
separated into early or late, based on their copy number and cancer cell fraction 
(see Clonality analysis). Mutations in each category were then assigned to 
different signatures as previously identified by NMF in each sample, to estimate 
the proportions of each signature. To confirm the findings from these signature 
assignments, we also employed de novo decomposition separately91,92 for early  
and late mutations without using previously identified signatures, and the 
results were concordant (Supplementary Fig. 17). To explore mutational strand 
asymmetry profiles, MutationalPatterns was used to dissect both transcriptional 
and replicative strand bias.

RNA clustering using NMF. Raw RNA-seq reads from 172 tumors and 88 normal 
samples from 181 patients of the EAS cohort and 249 tumor–normal paired 
samples of the EUR cohort were aligned to the reference genome (UCSC hg19 
with annotations from GENCODE v.19) using STAR24 (v.2.5.2a). Gene expression 
was subsequently quantified using RSEM25 (v.1.3.0). Expression counts estimated 
from RSEM were then normalized using DESeq2 (ref. 93) (v.1.16.1) followed by 
log transformation (adding one pseudo-count and log2 transformation). For 
clustering of tumor samples, the top 3,000 most variable coding genes (based on 
median absolute deviation) were chosen from the expressed genes (genes with at 
least ten samples showing nonzero counts) among tumor samples in each cohort. 
To identify robust clusters, unsupervised clustering (NMF) was used (NMF 
R-package v.0.21.0 (ref. 49)). Optimal rank parameters were first determined using 
50 runs of random starting points with default settings, followed by 300 runs with 
optimal ranks to acquire the final NMF clustering solutions. Silhouette analysis 
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was performed to assess the consistency of the clustering solutions. The clustering 
solution of rank = 4 in the EAS cohort showed a low average silhouette value 
(<0.6), and was excluded from further analysis (Supplementary Fig. 19).

Principal component and survival analysis of RNA subtypes. Based on the same 
set of 3,000 genes used in NMF clustering, principal component analysis (PCA) 
was performed using the R built-in function prcomp. PCA plots were generated 
using the first two PCs and sample points were colored based on their NMF 
clusters. Survival outcomes of each NMF cluster were estimated by the Kaplan–
Meier method and the log-rank test was used to calculate P values.

Subclass mapping of RNA subtypes. To compare the clusters and subclusters 
identified from both cohorts, an unsupervised subclass mapping method SubMap56 
(v.3) was used to identify correspondence or commonality of subtypes from the two 
cohorts. SubMap analysis was performed on the GenePattern online platform using 
default settings with a random seed of 12345. The genes used were the intersection 
of genes selected for NMF clustering (3,000 most variable genes in each cohort) 
from the two cohorts. Significant correspondences were identified with a cutoff of 
Bonferroni adjusted P < 0.01 (Fig. 3b; blocks with P value annotations).

Gene set enrichment analysis and immune profile analysis of RNA subtypes. 
DESeq2 with default settings was used for identification of differentially expressed 
genes and determination of their log(fold change) between NMF clusters. For gene 
set enrichment analysis (GSEA)58, a preranked list of genes was generated based on 
log(fold change). Using the fgsea R package (v.1.2.1)94, GSEA was performed with 
the hallmark gene set (v.6.2) from MSigDB59,95. Significantly enriched gene sets 
were filtered based on a cutoff of q < 0.01.

To decompose the immune components of tumor samples, the imsig R package 
(v.1.0.0) was employed, which uses a set of immune gene signatures generated by 
a network-based deconvolution approach57. imsig also provides gene signatures 
of biological processes such as proliferation and interferon response, termed 
‘proliferation module’ and ‘interferon module’, respectively (Fig. 3e). To further 
evaluate whether RNA subtypes would have different responses to immune 
therapy, we compared the expression levels of PD1 (PDCD1), PDL1 and CTLA4, 
immune infiltration levels and immune evasion levels. The ESTIMATE R package60 
(v.1.0.13) was used with default settings to decompose the immune component 
from expression counts, resulting in an immune score where higher scores 
denote a greater immune component in a tumor. To predict responses to ICB 
therapy for patients in our study, an 18-gene T cell-inflamed GEP was used, and 
a GEP score for each sample was calculated as a weighted sum of these 18 genes 
after normalization with 11 housekeeping genes following previously published 
methods10,11. To confirm these findings with the expression level of proteins, we 
further performed multiplex immunohistochemistry/immunofluorescence for 
CD8, CD68, CD3 and PDL1 in a subset of 37 tumor samples (Supplementary Notes 
and Supplementary Fig. 26).

Clonality analysis. To determine the clonality of each mutation—that is, whether 
the mutation occurs early or late in tumor evolution—EstimateClonality51 (v.1.0) 
was used to assign each somatic mutation as either early or late based on its 
mutation copy number and cancer cell fraction. Only mutations with VAF ≥ 0.05, 
minimum variant read depth = 5 and minimum total read depth = 30 were used. 
The proportion of late mutations for each patient was calculated based on the 
proportion of late mutations over total mutations (early plus late), which can be 
used as an estimation of ITH.

In addition to pLM, we adopted three other metrics: number of clones 
(Num.Clone), Shannon Index (SI) and MATH score. The number of clones was 
calculated by EXPANDS96 (v.2.0.0) using the variants called by Mutect and the 
depth ratio of each mutation inferred by Sequenza, with the parameter maxS set to 
2.5. Based on the clone proportion estimated by EXPANDS, we further calculated 
SI97 using the formula SI ¼ �PNum:Clone

i¼1 pi ln pi
I

, where pi is the proportion of clone 
i. MATH score98 was calculated using the formula MATHi ¼ MAD VAFið Þ

Median VAFið Þ ´ 100
I

, 
where VAFi is a vector of the VAF of all mutations from sample i and MAD denotes 
median absolute deviation. See Supplementary Notes for detailed descriptions of 
these ITH metrics.

Correlation of multilayer survival features. A list of 24 features was curated, 
including features of key importance in describing clinical or genomic profiles, 
and those found to have stratifying effects on patient outcome. Stage, sex, age and 
smoker were included as basic clinical features. Driver genes showing significant 
stratifying ability in either cohort were also included. All four ITH features (pLM, 
number of clones, SI and MATH score) were included to represent different 
aspects of ITH. Molecular features are macro-level summary statistics that provide 
overall descriptions of genomic features, including TMB, GD, GII, tumor ploidy 
and purity. Features that can stratify patient outcome were also included, such as 
number of drivers (Supplementary Figs. 31 and 38) and signature groups. The 
effect of tyrosine kinase inhibitor (TKI) treatment was examined, but was not 
included in the survival analysis because only 36.6% of EGFR mutant carriers 
received TKI and it showed no significant effect in the models of the EAS cohort 
(Supplementary Fig. 9, 32).

Pairwise correlations of all features were surveyed using various statistical tests, 
and FDR q values are depicted as solid lines of varying width in Fig. 5a or reported 
on plots (Supplementary Figs. 33, 36 and 37). For pairs of continuous variables, 
Student’s t-test of the linear regression coefficient was used to test significance. 
For pairs of categorical variables, Fisher’s exact test or χ-squared test was used. 
For mixed pairs of categorical and continuous variables, Kruskal–Wallis test was 
used. FDR q values were calculated from all correlation P values within a cohort. 
Only correlations with FDR q < 0.01 are plotted in Fig. 5a. The weighted degree of 
connectivity of each group was calculated by averaging �ln FDRð Þ

I
 for all significant 

pairs within a group.

Feature importance and prediction accuracy in survival analysis. Several 
important statistics weighting feature importance in predicting patient survival 
were calculated. The simplest ones are the hazard ratio and P value of a feature in 
a univariate Cox model (Fig. 5a). To evaluate importance in multivariate models, 
Cox proportional hazard models were used. The Cox models were fitted using 
the cpf function in the rms R package with default parameters. The importance 
of each feature for the Cox model was determined by the proportion of the Wald 
statistic of each feature over the sum of all Wald statistics of the model. As an 
approximation of the ‘adequacy index’99, this proportion of the Wald statistic 
indicates the proportion of explainable log-likelihood contributed by a feature.

To examine the prediction accuracy of each type of features, Harrell’s 
concordance index100 (c index, calculated using the survcomp R package101) was 
used (Fig. 5). To estimate the distributions of c index, samples were randomly 
separated into training (80%) and test (20%) sets 100 times, a process similar 
to that from a previous study65. For fair comparisons across the cohorts, the 
proportion of smokers was balanced by randomly downsampling nonsmokers 
in the EAS cohort to be the same as that of nonsmokers in the EAS cohort, and 
downsampling smokers in the EUR cohort similarly (Extended Data Fig. 5). To 
better understand differences among patients with good and bad outcomes, those 
within the same ancestry cohort were divided evenly into three survival groups 
based on the predicted hazard from the multivariate Cox model with 24 features.

Statistics and reproducibility. Unless specified otherwise, two-sided Fisher’s exact 
testing was used for P value calculations between two categorical variables, while 
two-sided Wilcoxon rank sum testing was used between two continuous variables 
for all figures. Log-rank tests were used for comparison of survival distributions 
in Kaplan–Meier plots. Two-sided t-tests were used for P values of coefficients in 
all linear, logistic and Cox regression models. For multiple testing correction, FDR 
corrections were performed unless specified otherwise. For all box plots or box 
plots within violin plots, the box indicates the interquartile range (IQR), the middle 
line indicates median, whiskers indicate the highest and lowest values within 
1.5× IQR away from the box, and dots plot values >1.5× IQR away from the box. 
For box plots with notches, these extend to ±1.58 × IQR n–1/2 of the median, where 
n is sample size. For Fig. 1b, TMB and cohort comparison of number of drivers 
(Driver genes in EAS LUADs), P values were calculated with one-sided t-testing. 
For Fig. 1e, correlation between driver genes and clinical phenotypes, we separated 
patients into younger (≤64 years, median age in the EAS cohort) and older 
(>64 years) groups and then employed one-sided Fisher’s exact testing to determine 
whether the mutation of a driver was enriched in a certain group using a 2 x 2 
contingency table. Then, FDR P value correction was performed and correlations 
were reported when FDR < 0.1. q values are also reported in the main text. See the 
Life Sciences Reporting Summary for further information on reproducibility.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
Raw sequencing data have been deposited in the European Genome-
phenome Archive (EGA, http://www.ebi.ac.uk/ega/) under accession codes 
EGAD00001004421 and EGAD00001004422. All clinical records, somatic 
mutations, copy number variations and histological images from our study 
are hosted in OncoSG (https://src.gisapps.org/OncoSG/) under dataset ‘Lung 
Adenocarcinoma (GIS, 2019)’ which is publicly available (Supplementary Note).
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Kaplan-Meier plots of driver genes that can stratify patient survival outcome. Survival outcomes of patients harbouring the 
driver mutation were compared against those did not in the (a) East Asian- ancestry (EAS, n=293) and (b) European-ancestry (EUR, n=225) cohort. 
Genes tested are from a curated list of LUAD drivers (Methods), and the plotted genes are those show significant coefficients (FDR<0.2 in EAS and 
p-values<0.05 in EUR, two-sided t-test) in a multivariate Cox model including stage, age, gender and smoker in any cohort. (c) Comparision of the survival 
outcomes of mutant or wildtype EGFR carriers among the EAS non-smokers (n=185) and smokers (n=110). EGFR mutant carriers showed better outcome, 
especially among non-smokers. Mut, mutant; WT, wildtype.
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Extended Data Fig. 2 | PCA of RNA profiles using both tumor and normal samples. PCA of (a) East Asian-ancestry (EAS) and (b) European-ancestry 
(EUR) tumor (EAS, n=172; EUR, n=249) and normal (EAS, n=88; EUR, n=42) samples to illustrate the relationship of LUAD transcriptomic subtypes and 
the normal samples. In the two-group partitions, the TRU clusters were closer to the normal samples in both cohorts. In the three-group partitions, the 
TRU and TRU-I sub-clusters in the Asian were closer to the normal samples, while the TRU sub-cluster in the EUR was closer to the normal samples.
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Extended Data Fig. 3 | Phenotypes of the RNA sub-clusters in the EuR cohort. The top two rows indicate the cluster assignment of the patients. The 
following rows show the normalized mean expression of GSEA enriched gene sets from the differential expressed genes between the TRU and non-
TRU clusters and between the PI and PP sub-clusters, and the values of immune-related signatures. High values were shown in red and low in blue. The 
oncoprint plot shows major driver mutations across sub-clusters. The clinical and other genomic phenotypes are shown at the bottom.

NATuRE GENETiCS | www.nature.com/naturegenetics

http://www.nature.com/naturegenetics


Articles Nature GeNeticsArticles Nature GeNetics

Extended Data Fig. 4 | Kaplan-Meier plots of the survival groups derived from genomic features only. Using only genomic features (driver genes, 
molecular and ITH features), patients were divided evenly into three survival groups based on the predicted hazard from the multivariate Cox model. For 
both East Asian-ancestry (a) and European-ancestry (b) cohort, these survival models can clearly stratify patient survival outcome. They could stratify 
survival outcome even within early or late stage patients, indicating the prediction power of genomic features independent of clinical features. Statistical 
test used can be found under Methods section “Statistics and Reproducibility”.
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Extended Data Fig. 5 | Comparison of the prediction accuracies between the balanced EAS and EuR cohorts. Related to Fig. 5c, box plots showing 
prediction accuracy calculated as Harrell’s concordance index (c-index) from the multivariate Cox models with different set of predictors. For fair 
comparisons across cohorts, the proportion of smokers were balanced by randomly down-sampling non-smokers in the East Asian-ancestry cohort and 
smokers in the European-ancestry cohort (a). To rule out the effect of EGFR mutation and possible TKI treatment on patient survival, the comparison was 
narrowed down to only patients with wildtyp EGFR (b). Statistical test used and the definition of boxplot elements can be found under Methods section 
“Statistics and Reproducibility”.
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Extended Data Fig. 6 | Summary of the ancestry differences. A summary of major ancestry differences across the two cohorts in this study (top), and 
the differences seen when comparing among smokers and non-smokers (bottom). Red, higher/more; blue, lower/less; ≈, similar; ♂, male; ♀, female; IO, 
immuno-oncology; NA, not available.
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Antibodies
Antibodies used CD8: Leica Novocastra NCL-CD8-4B11; CD3: Dako A0452; CD68: Dako M0876;PD-L1: Cell Signaling Technology 13684S.

Validation CD8: On human tissues: Positive Controls Immunohistochemistry: Prostate. Western Blotting: Sup-T1 cell line (https://www.
leicabiosystems.com/fileadmin/img_uploads/novocastra_reagents/Novocastra_datasheets/cd8-4b11-l.pdf). Reference: J Exp Clin 
Cancer Res. 2011 Aug 24;30:78. doi: 10.1186/1756-9966-30-78. 
CD3: Human and mouse with IHC (https://www.citeab.com/antibodies/3382891-a0452-cd3). Reference:  J Immunother Cancer. 
2019 Jun 20;7(1):155. doi: 10.1186/s40425-019-0630-0.  
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CD68: Labels human monocytes and macrophages, but not myeloid cells in IHC (https://www.agilent.com/en/product/
immunohistochemistry/antibodies-controls/primary-antibodies/cd68-(concentrate)-76550#literature). Reference: Oncol Rep. 
2019 Aug;42(2):581-594. doi: 10.3892/or.2019.7196. 
PD-L1: Western blot analysis of extracts from KARPAS-299, SUP-M2, and PC-3 cells (https://www.cellsignal.com/products/
primary-antibodies/pd-l1-e1l3n-xp-rabbit-mab/13684). Reference: Cancer Manag Res. 2019 May 9;11:4335-4345. doi: 10.2147/
CMAR.S201568.

Human research participants
Policy information about studies involving human research participants

Population characteristics 213 patients with lung adenocarcinoma were recruited. All of them are of Chinese descent. There were 97 males, 116 females,  
and the ages range from 37 to 84 years old. All samples were treatment-naive except for seven sample from patients treated 
with Gefitinib. 

Recruitment Participants with lung adenocarcinoma were recruited from the National Cancer Center of Singapore (NCCS) with written 
informed consent. They were selected based on ethnicity (Chinese) and sample availability.

Ethics oversight Centralised Institutional Review Board, SingHealth

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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