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Evolutionary characterization  
of lung adenocarcinoma morphology  
in TRACERx

Lung adenocarcinomas (LUADs) display a broad histological spectrum 
from low-grade lepidic tumors through to mid-grade acinar and papillary 
and high-grade solid, cribriform and micropapillary tumors. How 
morphology reflects tumor evolution and disease progression is poorly 
understood. Whole-exome sequencing data generated from 805 primary 
tumor regions and 121 paired metastatic tumors across 248 LUADs from 
the TRACERx 421 cohort, together with RNA-sequencing data from 463 
primary tumor regions, were integrated with detailed whole-tumor and 
regional histopathological analysis. Tumors with predominantly high-grade 
patterns showed increased chromosomal complexity, with higher burden 
of loss of heterozygosity and subclonal somatic copy number alterations. 
Individual regions in predominantly high-grade pattern tumors exhibited 
higher proliferation and lower clonal diversity, potentially reflecting 
larger recent subclonal expansions. Co-occurrence of truncal loss/loss of 
heterozygosity of chromosome 3p and 3q was enriched in predominantly 
low-/mid-grade tumors, while purely undifferentiated solid-pattern tumors 
had a higher frequency of truncal arm or focal 3q gains and SMARCA4 gene 
alterations compared to mixed-pattern tumors with a solid component, 
suggesting distinct evolutionary trajectories. Clonal evolution analysis 
revealed that tumors tend to evolve toward higher-grade patterns. The 
presence of micropapillary pattern and ‘spread through air spaces’ were 
associated with intrathoracic-only recurrence, in contrast to the presence 
of solid/cribriform patterns, necrosis and preoperative circulating tumor 
DNA detection, which were associated with extra-thoracic recurrence. These 
data provide insights into the relationship between LUAD morphology, the 
underlying evolutionary genomic landscape, and clinical and anatomical 
relapse risk.

Lung cancer, the leading cause of 



cancer-related death globally, encom-

passes a range of different histological entities. LUAD, the commonest



 

histology, is a morphologically and genetically diverse disease with 
various histological features relating to tumor behavior. This includes 

the range of tissue architectural growth patterns from ‘lepidic’, which is 
well differentiated and noninvasive, through to undifferentiated ‘solid'1, 
as well as mucinous differentiation observed in invasive mucinous 
adenocarcinoma (IMA)2 (Extended Data Fig. 1a–h), and the presence 
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with shorter disease-free survival (DFS)9,10. In LUAD, metrics capturing 
the presence of a recent subclonal expansion and associated mutational 
homogeneity within individual tumor regions were significantly asso-
ciated with an increased proportion of high-grade patterns (Fig. 1b). 
These metrics included the number of subclonal mutations, which were 
clonal in at least one region (rho = 0.20, q = 0.0087) and the recent sub-
clonal expansion score9, defined as the largest cancer cell fraction (CCF) 
of any subclone terminal to the phylogenetic tree in any tumor region 
(rho = 0.14, q = 0.049; Methods). Conversely, the subclonal diversity 
index, a metric reflective of the number of coexisting subclones in a 
region and the absence of large recent clonal expansions, was signifi-
cantly lower in those tumors with a higher proportion of high-grade pat-
terns (minimum subclonal diversity per tumor, rho = −0.22, q = 0.0031; 
Methods). Ki-67 fraction was significantly associated with an increasing 
proportion of high-grade patterns (rho = 0.51, q = 1.4 × 10−11), consistent 
with previous reports6,13. Taken together, these data suggest that while 
different regions from a high-grade tumor are genomically distinct 
and can harbor region-specific SCNAs, individual regions tend to be 
highly proliferative and clonally pure, potentially reflective of large 
intra-regional recent subclonal expansions.

When the proportion of each individual growth pattern was com-
pared with these genomic features, high proliferation and the presence 
of recent subclonal expansion was most strongly associated with the 
proportion of solid-pattern component within a tumor (Ki-67 fraction, 
rho = 0.51, q = 7.3 × 10−11, recent subclonal expansion score, rho = 0.17, 
q = 0.036; Fig. 1c). Intriguingly, although micropapillary pattern is 
regarded as a high-grade pattern associated with poor prognosis1,4, in 
TRACERx LUADs an increasing proportion of micropapillary pattern 
component was associated with increasing subclonal diversity and a 
lack of evidence for clear subclonal expansions (minimum subclonal 
diversity per tumor, rho = 0.22, q = 0.0078, recent subclonal expansion 
score, rho = −0.19, q = 0.027), suggesting distinct biology and clonal 
evolutionary characteristics between high-grade solid and micropapil-
lary growth patterns.

Genomic determinants of predominant growth pattern
To explore the evolutionary determinants of growth patterns in LUAD, 
truncal genomic alterations were correlated with the predominant 
pattern within a tumor, assuming that specific early genomic events 
may influence the subsequent growth pattern. In total, 8 truncal 
driver alterations (6 mutations, 2 amplifications), 31 chromosomal 
arm-level truncal SCNAs (8 gains and 23 losses/LOHs) observed in at 
least 5% of the cohort were included in a logistic regression analysis 
(Extended Data Fig. 3a–c and Methods). Previous studies have reported 
an increased frequency of TP53 (refs. 5,14,15) and KRAS (ref. 16) mutations 
in solid-predominant tumors. Here, in addition to truncal TP53 and 
KRAS driver mutations, truncal SMARCA4 mutation and truncal loss/
LOH of chromosome 21q and 22q were associated with predominantly 
high-grade tumors, while truncal gains of 1q and 8q were associated 
with predominantly low-/mid-grade tumors (Fig. 2a). Similar results 
were observed when restricted to truncal alterations in at least 10% of 
the cohort, when applying an orthogonal tool (Sequenza)12 for SCNA 
profiling, or when adding genomic instability as a covariate in the 
regression model (Extended Data Fig. 2d–f and Methods).

Co-occurrence of truncal loss/LOH of 3p and 3q was significantly 
overrepresented in predominantly low-/mid-grade tumors (q = 0.0027), 
but not in predominantly high-grade tumors (Fig. 2b, Extended Data 
Fig. 2g,h and Methods). Co-occurrence of truncal 3p and 3q loss/LOH 
within predominantly low-/mid-grade tumors was not associated 
with higher wGII, suggesting that co-occurrence of the loss of these 
chromosome arms does not reflect genomic instability (P = 0.71, Wil-
coxon rank-sum test; Extended Data Fig. 2i). These results suggest that 
a co-occurrence of 3p and 3q loss, possibly reflecting the loss of one 
allele of whole chromosome 3 as a single event, is a distinct evolution-
ary route to predominantly low-/mid-grade tumors.

of ‘spread through air spaces’ (STAS)3. Growth patterns, categorized 
as lepidic (low grade), papillary and acinar (mid grade) and cribriform, 
micropapillary and solid (high grade), are frequently combined within 
a single LUAD tumor, and the proportion of high-grade patterns within 
each tumor is known to impact patient outcome4.

































Previous genomic analysis of single tumor regions has shown 
that high-grade tumors harbor increased tumor mutational burden 
(TMB) and increased rates of whole-genome doubling5. Frequencies of 
somatic alterations in specific genes, such as TP53, together with the 
fraction of the genome altered by somatic copy number alterations 
(SCNAs), have been found to be increased in tumors with predomi-
nantly high-grade morphological patterns5. In a previous study of ten 
LUADs with microdissected multiregional omics data, differences in 
transcriptomic profiles, rather than genomic alterations, were more 
strongly associated with a shift between growth patterns6. However, the 
biological implications of different growth patterns, and their potential 
genomic underpinnings, remain poorly understood. We hypothesized 
that multiregional tumor sampling data from the TRACERx (TRAcking 
non-small cell lung Cancer Evolution through therapy (Rx)) cohort 
may elucidate how evolutionary progression determines histological 
LUAD subtypes. In particular, the presence of distinct growth patterns 
within individual tumors provides a natural experiment to explore how 
evolutionary genomic features relate to specific growth patterns while 
controlling for background clinical and germline features.

TRACERx is a prospective observational study of non-small cell 
lung cancer (NSCLC) from diagnosis through to cure or relapse, with 
multiregional primary and metastatic tumor sampling alongside lon-
gitudinal circulating tumor DNA (ctDNA) analysis and detailed clini-
cal annotation, including patient outcome data7,8. The TRACERx 421 
cohort represents the first 421 patients prospectively recruited into 
the study9,10. This includes 248 primary LUADs (805 tumor regions) 
from 242 patients, plus 121 paired metastatic lymph nodes (LNs) 
and recurrence tumors from 65 patients (Extended Data Fig. 1i,j). 
RNA-sequencing (RNA-seq) data were available for 189 of these pri-
mary tumors (463 tumor regions)11. Here we describe the molecular 
characteristics of LUAD evolution and progression with respect to 
tumor morphology using multiregional whole-exome sequencing 
(WES) and transcriptomic data.





Results
Clonal evolutionary characteristics of LUAD growth patterns
To elucidate the characteristics of each growth pattern in LUAD, clinical, 
pathological and genomic features across the different predominant 
subtypes at the whole-tumor level were analyzed (Fig. 1a, Extended Data 
Fig. 1k,l and Supplementary Tables 1–3). The proportion of high-grade 
patterns (solid, cribriform and micropapillary) within a tumor, based on 
sectional area in the diagnostic H&E-stained slides at the whole-tumor 
level, was assessed in the context of variables associated with sub-
clonal architecture and genomic instability (Fig. 1b and Methods). An 
increased proportion of high-grade patterns at the whole-tumor level 
was associated with higher truncal, but not subclonal, TMB (truncal 
TMB, Spearman’s rho = 0.25, q value (false discovery rate (FDR)-adjusted 
P value) = 0.0011, subclonal TMB, rho = 0.12, q = 0.11). Features of chro-
mosomal complexity and instability, including the mean weighted 
genome instability index (wGII), mean fraction of the genome subject to 
loss of heterozygosity (FLOH) and the SCNA intra-tumoral heterogene-
ity (ITH) score7,8 (a percentage of subclonal SCNAs), were significantly 
associated with the proportion of high-grade patterns within a tumor 
(wGII, rho = 0.15, q = 0.040; FLOH, rho = 0.35, q = 2.6 × 10−6, percentage 
subclonal SCNA, rho = 0.32, q = 1.3 × 10−5, Methods and Fig. 1b




). Similar 

results were observed when using an orthogonal tool for SCNA analysis 
(Sequenza)12 and an orthogonal method for calling mutational clonality 
(Extended Data Fig. 2a–c and Methods).

In our companion paper9, we found that the presence of large 
recent subclonal expansion in primary tumor regions was associated 
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To evaluate SCNAs with <5% frequency in the cohort, which were 
excluded from the regression analysis, an analysis of the driver altera-
tions and chromosomal arm-level copy number alterations varying 
between predominantly high-grade and low-/mid-grade tumors was 
carried out (Methods). The characteristics most strongly associated 
with predominantly high-grade tumors versus predominantly low-/
mid-grade tumors were gains of chromosome arms 3q (encompass-
ing the SOX2 and TERC genes) and 12p (encompassing the KRAS gene, 
consistent with a previous report5; Fig. 2c and Extended Data Fig. 3d). 
Similar results were observed when applying an orthogonal tool 
(Sequenza)12 for SCNA profiling, or when including genomic instabil-
ity as a covariate in the regression model (Extended Data Fig. 2j,k and 
Methods).

At the transcriptome level, the greatest differential expression 
between high-grade and low-/mid-grade predominant tumors involved 
genes related to cell proliferation (Fig. 2d and Methods). Notably, pre-
dominantly high-grade tumors did not necessarily harbor increased 
copy number of proliferation pathway genes compared with predomi-
nantly low-/mid-grade tumors (P = 0.36, Chi-square test; Extended 
Data Fig. 3e and Methods), suggesting that the overexpression of these 

genes in predominantly high-grade tumors may not be directly driven 
by copy number gains.

Cancer cell programmed death-ligand 1 (PD-L1) expression, 
assessed by immunohistochemistry, was significantly higher in 
solid-predominant tumors than all other histological subtypes 
(q = 2.1 × 10−7 Wilcoxon rank-sum test; Extended Data Fig.  3f), as 
previously reported14. The proportion of solid-pattern remained sig-
nificantly associated with cancer cell expression of PD-L1 after adjust-
ment for stromal tumor-infiltrating lymphocytes (TILs) and neoantigen 
burden (odds ratio (OR) = 1.23, 95% confidence interval (CI) 1.11–1.38, 
per 10% increase, P = 3.8 × 10−5, analysis of variance (ANOVA); Methods 
and Extended Data Fig. 3g), suggesting that overexpression of PD-L1 
in solid-predominant tumors may be driven by cancer cell-intrinsic 
characteristics, such as AKT–mTOR pathway activation17.

Morphological intra-tumoral heterogeneity reflects genomic 
intra-tumoral heterogeneity
The data thus far focus on growth pattern characterization at the 
whole-tumor level. However, multiregional sampling and sequenc-
ing in TRACERx allows for the analysis of intra-tumoral growth pattern 
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tumor determined by genomic analysis were not included in the plot (n = 244 
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heterogeneity in the context of the genomic and transcriptomic land-
scape. A total of 200 tumors had available regional histology, amount-
ing to 603 regions for analysis (Fig. 1a, Extended Data Fig. 1j,k and 
Supplementary Table 4).

Genomic distances based on mutations (single-nucleotide vari-
ants and indels) and LOH were calculated between regions of the same 
tumor and explored in relation to regional growth patterns, to determine 
whether variation in morphology is recapitulated in genomic space 
(Fig. 3a and Methods). The genomic distance between regions with 

different growth patterns was significantly greater than the genomic 
distance between regions with the same growth pattern when calculated 
using LOH (P = 0.0071, linear mixed-effects model ANOVA; Methods), but 
not when using mutations (P = 0.11; Fig. 3b and Extended Data Fig. 4a–c). 
This may reflect that LOH is irreversible, whereas truncal mutations may 
be subject to copy number loss, making them appear as subclonal and 
potentially less reliable as a marker of evolutionary divergence.

To assess whether different morphological patterns reflect an evo-
lutionary trajectory from low-grade to high-grade pattern, we utilized 
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the irreversible nature of LOH to determine ancestor–descendant-like 
relationships between tumor regions within the context of their respec-
tive morphological grades (Fig. 3c and Methods). This was based on the 
assumption that, although a tumor region may not be directly evolved 
from another region, in some regional pairs one region will harbor 
a common ancestral-like clone, while the other region may harbor 
a descendant-like clone of the common ancestor. We identified 151 

regional pairs with ancestor–descendant-like relationships within 54 
tumors using LOH profiles. Comparison of the mutational profiles of 
these ancestor–descendant-like pairs revealed that descendant-like 
regions harbored additional mutations at a high CCF (≥95%) compared 
to their ancestor-like counterpart regions (P < 0.001, permutation 
test; Methods and Extended Data Fig. 4d). Descendant-like regions 
exhibited a significantly higher grade compared with their respective 
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and/or LOH (f) between mixed-pattern tumors with solid component and purely 
solid tumors. A two-sided Fisher’s exact test was used.
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ancestral-like regions (P = 0.005, permutation test; Methods, Fig. 3d 
and Extended Data Fig. 4e). This association remained significant 
when different cutoffs were applied to infer ancestor–descendant-like 
regional pairs (Extended Data Fig. 4f), or when using an orthogonal tool 
(Sequenza)12 for LOH profiling (Extended Data Fig. 4g). This association 
also remained significant when ancestor–descendant-like regional 
pairs were inferred using a combination of LOH and mutational profiles 
(Extended Data Fig. 4h and Methods). Notably, LUADs did not always 
follow an evolutionary route toward higher-grade patterns, suggesting 
that, although rare (7/151 ancestor–descendant-like regional pairs), 
it is conceivable that tumors may transition to lower-grade patterns 
during subclonal evolution (Extended Data Fig. 4e). Overall, these data 
suggest that heterogeneity in morphological patterns may be partially 
underpinned by genomic alterations, especially by subclonal LOH.

Distinct evolutionary trajectory of purely solid tumors
Tumors lacking any adenocarcinoma architectural differentiation, 
namely purely solid-pattern tumors, are typically classified as LUADs 
based on immunohistochemical expression of thyroid transcription 
factor (TTF)-1 alone. Molecular and evolutionary characteristics of 
purely solid tumors are poorly understood. In particular, whether 
purely solid tumors have evolved from mixed-pattern adenocarci-
nomas that include a solid component remains unclear. To address 
this, we explored whether solid-pattern regions in purely solid tumors 
and solid-pattern regions in mixed-pattern tumors harbored similar 
genomic and transcriptomic features, and if purely solid tumors were 
genomically distinct from mixed-pattern tumors with a solid compo-
nent (mixed solid).

Solid regions in purely solid tumors showed overexpression of 
G2M checkpoint genes compared with solid regions in mixed growth 
pattern tumors (P = 0.0026, linear mixed-effect model, ANOVA; 
Extended Data Fig. 5a). At the whole-tumor level, the presence of trun-
cal gains involving 3q21.3–3q29, which GISTIC2.0 analysis18 detected 
as a significant peak in tumor regions with a solid pattern (Methods), 
and truncal SMARCA4 mutations and/or LOH, were enriched in purely 
solid tumors compared to mixed solid tumors (arm/focal 3q gain, 
P = 0.0011; SMARCA4 alterations, P = 0.042; Fisher’s exact test; Fig. 3e,f 
and Extended Data Fig. 5b–i). These results suggest that purely solid 
tumors have genomic alterations and an evolutionary trajectory dis-
tinct from mixed solid tumors.

Growth pattern evolution from primary tumor to metastasis
To determine the relationship between growth patterns in matched 
primary and metastatic tumors, the phylogenies of metastatic clones 
were inferred in 65 participants (Fig. 4a). Metastatic tumors consisted 
of LNs (n = 83) and intrapulmonary metastasis (n = 2) removed at the 
time of primary surgery, and sites of disease relapse sampled using 
diagnostic biopsies or surgical resection (n = 36), and were subjected 
to centralized pathological review and subtyping (107/121 (88%), sam-
ples analyzed for growth pattern). The majority of metastatic samples 
displayed high-grade patterns (82/107, 77%; Fig. 4a,b). Each primary 
tumor region was classified as a metastasis seeding region or a metas-
tasis non-seeding region based on phylogenetic analysis10. Seeding 
regions were defined as primary tumor regions harboring metastasis 
seeding clones, and seeding clones were defined as the most recent 
shared clone between the primary tumor and metastasis. In certain 
tumors, multiple seeding clones were identified, and in certain cases 
these were spread across all tumor regions. Using a numerical score, 
the mean grade for each seeding region was calculated and compared 
with the mean grade for each matched metastatic tumor region and 
primary tumor non-seeding regions (Fig. 4c). While no significant dif-
ference was observed using this numerical score to compare seeding 
and non-seeding regions in the primary tumor (P = 0.096, Wilcoxon 
signed-rank test; Fig. 4d), the metastatic regions were typically the 
same or showed a higher-grade pattern compared with their matched 

seeding regions (P < 0.001, permutation test; Methods and Fig. 4e). 
One such example was a papillary predominant primary adenocarci-
noma (CRUK0543; Fig. 4f,g) in which two of three metastatic LNs (LN_7 
and LN_8), deriving from different phylogenetic branches, showed a 
high-grade (cribriform) pattern, while the majority (4/5) of the seeding 
regions showed a mid-grade (papillary) pattern, suggestive of parallel 
evolution of growth patterns during the metastatic cascade.

A particular case of interest involved a diagnosis of primary lepidic 
predominant (non-mucinous) adenocarcinoma (CRUK0296), which 
was found to have a pure lepidic intrapulmonary metastasis during 
follow-up. After primary resection, the participant developed a subse-
quent tumor in the contralateral lung, which was surgically resected, 
and a diagnosis of a pure lepidic pattern metachronous primary LUAD 
was made. However, TRACERx genomic profiling revealed the tumors 
were clonally related, indicating intrapulmonary metastasis (Extended 
Data Fig. 6a–d). Notably, no pure lepidic metastases were identified in a 
previous study of 23 intrapulmonary LUAD metastases, although both 
the primary and metastasis showed partial lepidic growth in 14 (61%) of 
the cases19. Furthermore, the CRUK0296 primary tumor demonstrated 
evidence of STAS (Extended Data Fig. 6c), and the presence of a con-
firmed metastatic lesion that is purely lepidic, and therefore without 
stromal invasion, supports the hypothesis that free-floating cells can 
seed distant tumors by aerogenous spread. There were five additional 
participants with a sequenced lung metastasis either at resection or 
during follow-up all in whom the primary tumor demonstrated STAS. 
Phylogenetic analysis revealed late divergence in all cases (Extended 
Data Fig. 6e), which was defined as the divergence of the metastatic 
clone after the last complete clonal sweep within the primary tumor10. 
Although the predominant primary tumor subtype was unrelated to 
the timing of metastatic divergence (Extended Data Fig. 6f), STAS 
positivity was significantly associated with late divergence (P = 0.019, 
Fisher’s exact test; Extended Data Fig. 6g), suggesting that the ability 
to metastasize through airways may be a late event during LUAD evolu-
tion, or that tumors acquiring the ability to metastasize through air-
ways early in their evolution may be rare in our surgical cohort. Overall, 
these findings prompted a more detailed analysis of the relationship 
between histological pattern, STAS and patient outcome, including 
the site of relapse (Extended Data Fig. 7a).

Impact of tumor morphology upon site and risk of recurrence
The morphological feature of STAS is defined as free-floating tumor 
cells, or tumor cell clusters, in air spaces beyond the boundary of the 
tumor, and is known to be associated with intrathoracic recurrence 
in limited (sublobar) resections in stage I LUAD3,20,21, as well as poor 
prognosis in more advanced stage LUAD22,23 and non-LUAD histolo-
gies24,25. In a multivariable analysis of the TRACERx 421 LUAD cohort, 
DFS of STAS-positive cases was shorter than that of STAS-negative cases 
(hazard ratio (HR) = 2.2, 95% CI 1.4–3.6; Extended Data Fig. 7b). STAS 
positivity was associated with the presence of high-grade patterns in 
each tumor (q = 0.0075, univariate logistic regression, ANOVA, FDR 
adjusted; Methods), and was associated with micropapillary pattern 
(q = 0.0071; Extended Data Fig. 7c,d), as described in other cohorts3,22. 
Immunohistochemical nuclear beta-catenin positivity and an epithelial 
to mesenchymal transition (EMT) phenotype has been shown to be 
associated with STAS26. In the TRACERx LUAD cohort, driver mutations 
in the Wnt pathway were enriched in STAS-positive tumors, (q = 0.033, 
Fisher’s exact test, FDR adjusted; Extended Data Fig. 8a), and bulk 
tumor transcriptomic profiles showed higher CTNNB1 gene expres-
sion (P = 0.0076, linear mixed-effect model, ANOVA; Extended Data 
Fig. 8b). However, we did not observe EMT pathway or Wnt–β-catenin 
signaling gene expression module enrichment in STAS-positive tumors 
(Extended Data Fig. 8c), potentially due to the difficulty of capturing 
phenotypic differences using bulk transcriptomic data.

The presence of preoperative ctDNA is associated with an increased 
risk of relapse in LUAD27. In our companion paper, the presence of 
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preoperative ctDNA is particularly associated with extra-thoracic 
recurrence28, which may reflect the increased risk of hematogenous 
metastatic dissemination. In a subset of the LUAD cohort totaling 
136/242 participants, preoperative ctDNA detection data were available 

from two assays (53 participants with a previously reported assay8 
and 90 participants with an assay reported in our companion paper28, 
including 7 analyzed with both). STAS and ctDNA status were integrated 
to compare the biological features of these two prognostic indicators 
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Fig. 4 | Growth pattern evolution from primary tumor to metastasis. 
 a, Overview of metastasis samples in the TRACERx LUAD cohort (n = 65 
patients). Growth pattern and the presence of seeding clones in primary tumor, 
growth pattern and the site of metastasis samples, timing of divergence of the 
metastasizing clone, and presence of the tumor STAS in the primary tumor are 
shown. b, Frequency of the observed growth pattern in metastasis samples. 
The x axis represents the growth pattern of metastatic samples and the color 
represents the predominant subtype of the primary tumor. Multiple metastasis 
samples from the same primary tumor are counted independently. c, Schematic 
showing the calculation of mean grade scores of non-seeding regions and seeding 
regions in the primary tumor, as well as metastatic samples. Grade scores of 1, 2 
and 3 were given for low-grade, mid-grade and high-grade patterns, respectively, 
and mean scores per group were calculated for each tumor. d, Comparison of 
mean grade scores between seeding and non-seeding regions in primary tumors. 
Tumors harboring at least one seeding and non-seeding region with growth 

pattern annotation were included in the analysis (n = 30 tumors). The median 
is indicated by the red horizontal line. A two-sided Wilcoxon signed-rank test 
was used. e, Comparison of growth pattern between metastasis and the primary 
tumor seeding regions (60 primary-metastasis pairs in 55 tumors). The median 
is indicated by the red horizontal line. To evaluate the enrichment of lower-
to-higher transition of the grade score from primary to metastatic tumors, an 
empirical P value was calculated using a permutation test (Methods). f, Example 
of phylogenetic tree (CRUK0543) including multiple metastases to LNs resected 
at surgery. Each node represents a mutational cluster, and their color indicates 
the growth pattern observed in the primary tumor region and/or LN harboring 
the cluster. Asterisks represent the most recent common ancestors of primary 
tumor regions and metastases (seeding clones). Terminal clusters of each  
branch and seeding clones are annotated with the region name where the cluster 
is harbored. The growth pattern of the region is annotated in parentheses. 
 g, Representative H&E-stained images from CRUK0543. Scale bar, 250 μm.
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in relation to the risk and site of metastasis (Fig. 5a and Extended Data 
Fig. 7a). Participants with both STAS positivity and preoperative ctDNA 
detection had primary tumors enriched for predominantly high-grade 
patterns (P = 7.0 × 10−5, Fisher’s exact test; Fig. 5b).

Detection of preoperative ctDNA was associated with the presence 
of high-grade patterns (q = 5.4 × 10−4, univariate logistic regression, 
ANOVA, FDR adjusted; Methods), in particular solid (q = 1.0 × 10−6) 
and cribriform (q = 0.008) patterns, and lack of lepidic (q = 2.7 × 10−5) 
and acinar patterns (q = 0.0011; Extended Data Fig. 7d,e). Histological 

evidence of necrosis (q = 2.2 × 10−13), tumor size (q = 2.8 × 10−5) and Ki-67 
fraction (q = 9.9 × 10−7) were associated with preoperative ctDNA detec-
tion, as previously described in TRACERx8, but not with STAS positivity 
(Extended Data Fig. 7d).

While predominantly high-grade tumors were associated with 
shorter DFS than predominantly low-/mid-grade tumors (HR = 1.7, 95% 
CI 1.1–2.6, multivariable Cox regression; Extended Data Fig. 7f), the 
predominance of high-grade pattern was not significantly associated 
with site of relapse (Extended Data Fig. 7g,h). In contrast, the presence 
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and preoperative ctDNA detection (d) in participants with preoperative ctDNA 
and STAS data (n = 131). Participants with synchronous primary lung cancers or 
uncertain sites of relapse were excluded from the analyses. HRs were adjusted 

for age, pathological stage, smoking pack-years, surgery type and receipt of 
adjuvant therapy using Fine-Gray regression model and presented with 95% CIs 
on a logarithmic scale. P < 0.05 are shown in red. No corrections were made for 
multiple comparisons. e, Frequency of the site of relapse (intrathoracic and/
or extra-thoracic), stratified by the positivity of STAS and preoperative ctDNA 
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of a micropapillary pattern was associated with intrathoracic-only 
recurrence (sub-distribution HR = 2.3, 95% CI 1.1–4.7, multivariable 
Fine-Gray regression) and the presence of solid and/or cribriform pat-
terns was associated with extra-thoracic recurrence (sub-distribution 
HR = 3.2, 95% CI 1.1–9.5; Fig. 5c), consistent with findings in stage I LUADs 
reported previously29,30. Similarly, STAS positivity was associated with 
increased risk of intrathoracic-only recurrence (sub-distribution 
HR = 3.0, 95% CI 1.0–9.1, multivariable Fine-Gray regression), but not 
extra-thoracic recurrence (sub-distribution HR = 2.0, 95% CI 0.7–5.4; 
Fig. 5d). Notably, our cohort may be underpowered to detect the 
risk of extra-thoracic recurrence in STAS-positive tumors, as previ-
ously reported in a larger cohort22,23. Preoperative ctDNA detection 
was associated with extra-thoracic recurrence (sub-distribution 
HR = 4.6, 95% CI 1.5–13.8, multivariable Fine-Gray regression), but 
not intrathoracic-only recurrence (sub-distribution HR = 1.2, 95% CI 
0.3–3.9; Fig. 5d), as reported in our companion paper28. Of note, STAS 
was detected in 17 of 21 participants (81.0%) who relapsed despite hav-
ing undetectable preoperative ctDNA. This was significantly higher 
than STAS detection in tumors with undetectable preoperative ctDNA 
and no subsequent relapse (37/70, 52.8%; P = 0.024, Fisher’s exact test; 
Fig. 5e and Extended Data Fig. 9a,b).

Participants with both STAS positivity and preoperative ctDNA 
detection had an increased risk of disease relapse compared to par-
ticipants in whom neither were detected (HR = 8.1, 95% CI 3.2–20.6, 
multivariable Cox regression; Fig. 5f), independent of TNM staging 
(Extended Data Fig. 9c




). Both STAS positivity and preoperative ctDNA 

detection were independent predictors of prognosis (STAS, HR = 3.4, 
95% CI 1.8–6.4; preoperative ctDNA, HR = 2.4, 95% CI 1.3–4.2, multi-
variable Cox regression; Extended Data Fig. 9d). These results suggest 
that while STAS positivity and preoperative ctDNA detection are both 
associated with disease recurrence, the underlying biology of the meta-
static process in tumors with each of these characteristics is distinct.

Finally, because necrosis was the histological feature most sig-
nificantly associated with preoperative ctDNA detection (Extended 
Data Fig. 7d), we tested whether necrosis could be used as a proxy for 
preoperative ctDNA detection. The presence of necrosis was associ-
ated with solid and cribriform predominant tumors (solid/cribriform 
versus others, P = 3.7 × 10−13, Fisher’s exact test; Extended Data Fig. 7i) 
and an increased risk of extra-thoracic recurrence (sub-distribution 
HR = 2.9, 95% CI 1.5–5.6, multivariable Fine-Gray regression), but 
not intrathoracic-only recurrence (sub-distribution HR = 1.6, 95% CI 
0.7–3.6; Extended Data Fig. 9e,f). As a combined measure, these two 
histological features remained significant independent predictors 
of outcome in a multivariable analysis (STAS, HR = 2.4, 95% CI 1.5–
3.9; necrosis, HR = 2.1, 95% CI 1.3–3.2, multivariable Cox regression; 
Extended Data Fig. 9g). The combination of STAS and necrosis revealed 
that participants with tumors positive for both had an increased risk 
of disease relapse (HR = 4.9, 95% CI 2.4–10.0, versus participants nega-
tive for both, multivariable Cox regression; Extended Data Fig. 9h).  
A similar result was observed in a larger independent external cohort 
of surgically resected stage IB-IIIA LUADs (Memorial Sloan Kettering 
Cancer Center cohort, n = 712, HR = 2.0, 95% CI 1.4–2.8, versus partici-
pants negative for both, multivariable Cox regression; Extended Data 
Fig. 10a–c).

Discussion
The exploration of the diverse growth patterns in prospectively col-
lected multiregional and longitudinal samples, matched to the regional 
genomic and transcriptomic analysis performed in the TRACERx study, 
revealed new insights into the molecular characteristics of LUAD sub-
types, which may contribute to our understanding of tumor evolution 
and ability to predict clinical behavior.




 The high-grade solid and cribri-

form patterns were associated with preoperative ctDNA detection and 
tumor necrosis, and were characterized by high chromosomal instabil-
ity, cancer cell proliferation and recent subclonal expansions. These two 

Q13

Q14

patterns were also associated with the development of extra-thoracic 
disease at recurrence, possibly reflecting an increased risk of hematog-
enous dissemination. Conversely, the high-grade micropapillary pat-
tern was associated with positivity for STAS, higher subclonal diversity, 
suggesting an absence of a recent subclonal expansion, and the devel-
opment of intrathoracic disease at recurrence possibly reflecting an 
increased risk of non-hematogenous dissemination (Fig. 5g). Although 
intercorrelations of these pathological, genomic and prognostic fea-
tures are highlighted in this study, genomic and histological subtypes 
are not entirely interchangeable. Here, we demonstrate the clinical 
utility of integrated genomic and histological characterization, by 
combining STAS and preoperative ctDNA detection, to better predict 
the likelihood and site of the recurrence.

Truncal loss/LOH of chromosome 3p and 3q was enriched in pre-
dominantly low-/mid-grade tumors, suggestive of an evolutionary con-
straint associated with low-/mid-grade patterns. Conversely, truncal 
gains involving focal 3q (3q21.3–3q29) encompassing several cancer 
genes (TERC, 3q26.2; PIK3CA, 3q26.32) and tissue development-related 
and differentiation-related genes (SOX2, 3q26.33; TP63, 3q28), as well 
as truncal SMARCA4 alterations, were associated with purely solid 
tumors. Indeed, SMARCA4 deficiency is associated with undifferenti-
ated thoracic carcinoma31–33 and arm or focal 3q gains are characteristic 
of lung squamous cell carcinoma rather than LUAD34,35. This suggests 
that purely solid tumors, commonly classified histologically as LUAD 
based on TTF-1 immunohistochemical staining alone, may have a dis-
tinct evolutionary trajectory from mixed-pattern tumors with a solid 
component and harbor common genomic traits with other NSCLC 
histological types. Molecular profiling of undifferentiated tumors, 
including purely solid LUADs and non-LUAD subtypes, may improve 
the classification of NSCLC in relation to underlying evolutionary 
trajectories.

The inferred transition toward higher-grade patterns in pri-
mary tumor ancestor–descendant-like analysis and in seeding 
region-to-metastasis analysis may reflect the evolutionary trajecto-
ries adopted from lower-grade to higher-grade patterns. Of note, in 
a minority of primary tumors, we inferred subclonal evolution from 
higher-grade to lower-grade patterns suggesting plasticity in growth 
patterns, which may reflect epigenetic and/or tumor microenviron-
mental factors, as previously suggested36. However, this may reflect 
parallel evolution of two regions from an ancestral ‘low-grade’ clone, 
or misassignment of evolutionary routes.

Preclinical models in other tumor types have demonstrated the 
impact of spatial constraints upon the pattern of tumor growth37. In 
our cohort, LN metastatic samples are heavily represented, and this 
tissue type contains less structural matrix and more spatial restrictions 
compared with typical lung parenchyma. The shift from low-/mid-grade 
seeding regions in the primary tumor to high-grade metastasis may 
therefore be partly explained by the differing microenvironment in 
the primary and metastatic sites.

As previously reported, both STAS and ctDNA positivity were indi-
vidually associated with poor prognosis in LUAD22,23,27. STAS-positive 
tumors are known to be associated with locoregional recurrence after 
limited resection in stage I LUAD3,20,21, which may reflect increased 
risk of non-hematogenous dissemination of tumor cells. Conversely, 
increased risk of extra-thoracic recurrence is observed in patients in 
whom preoperative ctDNA is detected28, and ctDNA detection in LUAD 
may reflect the increased risk of hematogenous cancer cell dissemi-
nation. Indeed, the high rate of STAS positivity (81%) in participants 
with undetectable preoperative ctDNA who subsequently developed 
disease relapse, more often within the thorax, strongly suggests that 
STAS reflects the mechanism of metastasis seeding in tumors that do 
not undergo hematogenous spread.

In this cohort, it was possible to demonstrate that individuals who 
are positive for both STAS and preoperative ctDNA have particularly 
poor outcomes. As a combined measure, STAS positivity and ctDNA 
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detection have the potential to predict outcome at resection, differ-
entiating the underlying mechanisms of metastatic dissemination fol-
lowing curative surgery. The prognostic relevance of necrosis, mitotic 
index and nuclear grade has been previously reported in surgically 
treated LUADs38–41. Here, we confirmed these histological features are 
associated with preoperative ctDNA detection, with necrosis demon-
strating the strongest association. Necrosis may therefore represent 
a proxy for ctDNA detection, suggesting clinical value for combined 
STAS and necrosis scoring in patients without available preoperative 
ctDNA data. We have demonstrated this largely in tumors of >2 cm, 
while alternative prognostic models have previously been proposed 
in stage 1A (<2 cm) LUAD42.

Overall, these data reveal new aspects of the underlying biology 
of high-grade LUAD patterns and their increased metastatic potential, 
as well as detailing the differing mechanisms of metastasis adopted 
by tumors with specific growth 




patterns. Given that variable differ-

entiation and morphology is a common feature of many cancers, the 
characteristics of high-grade disease described here may be relevant to 
other tumor types. Furthermore, these data demonstrate the relevance 
of measures relating to STAS, necrosis and ctDNA detection in defining 
patient risk stratification and predicting prognosis.
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Methods
The TRACERx 421 cohort, sample collection and DNA/RNA 
sequencing
All participants were enrolled into the TRACERx study (NCT01888601, 
approved by an independent research ethics committee, 13/LO/1546), 
and underwent multiregional sampling of tumors. Written informed 
consent was obtained from all the participants. The first 421 partici-
pants, which constitutes the first half of the originally scheduled full 
cohort of the clinical trial, are included in the TRACERx 421 cohort. 
Inclusion/exclusion criteria of the clinical study, clinical data acqui-
sition, DNA and RNA extraction, WES and RNA-seq, bioinformatic 
processing of WES and RNA-seq data, plasma sample acquisition 
and preoperative ctDNA analysis are described in our companion 
papers9–11,28.

Histopathological assessment
Central histopathological review. The diagnostic slides from all LUAD 
cases in the cohort were requested from the local pathology depart-
ments, scanned using a Hamamatsu NanoZoomer S210 slide scanner 
at ×40 scanning magnification and retained within a central digital 
histology archive. In a small number of cases, full diagnostic slides were 
not available and therefore pathology review was conducted using a 
combination of a single representative diagnostic slide and regional 
TRACERx tissue samples. Full diagnostic slides were used for central 
pathology review to confirm tumor subtype and to generate adeno-
carcinoma growth pattern fractions following review by central study 
pathologists. Tumors were categorized into six growth patterns—the 
five patterns currently defined in the World Health Organization (WHO) 
classification43, with the addition of a cribriform pattern, which has 
elsewhere been included as part of the acinar growth pattern subtype. 
As per standard clinical diagnostic practice and current guidance, 
we labeled each tumor using the predominant histological subtype 
according to the proportions of each growth pattern. IMA (includ-
ing mixed invasive mucinous and non-mucinous adenocarcinoma) 
was labeled as a separate entity, in line with the WHO classification, 
although pattern proportions of the six growth patterns were still 
ascribed. For 28/242 patients whose full diagnostic slides were not 
available, pattern proportion was based upon local histopathology 
reporting, provided this matched broadly with the appearances of 
any available material at central review. Any discrepancy in tumor type 
between the clinical pathology report and central review was subjected 
to additional expert review for a final definitive diagnosis. The presence 
of STAS was defined as previously described3,25.

Nuclear grade and mitotic index. The nuclear grade was determined 
based upon nuclear size in the highest-grade area of the tumor, as previ-
ously described41. The mitotic index was determined from diagnostic 
material from the area of the tumor with the highest mitotic activity. 
The count was performed over a 2.4-mm2 area of tumor on scanned 
slides, equal to the area of ten high-power microscopic fields used in 
previous LUAD grading studies39.

Regional growth pattern annotation. Where regional fresh tissue 
samples were sufficient, samples were split between fresh frozen tissue 
for DNA and RNA extraction, and formalin-fixed paraffin-embedded 
tissue to allow histological assessment of the sequenced regions. This 
regional histology was used to generate regional growth pattern data 
in LUAD and regional stromal TIL scores for the entire cohort.

Definition of tumor growth pattern homogeneity. A tumor was 
defined as morphologically homogeneous when the tumor met both 
of the following criteria: (1) predominant subtype was dominating 
90% or more of the tumor area in diagnostic slides and (2) predomi-
nant subtype was dominating 90% or more of the annotated regional 
patterns.

Growth pattern annotation in the metastatic sample. In meta-
static disease, where possible, the metastatic tumor was sampled for 
sequencing analysis. If sufficient tissue was available for histological 
assessment, growth pattern was also characterized in LUAD samples. 
Biopsy samples that were too limited for growth pattern annotation or 
were too dissociated, such as some aspirated samples, were excluded 
from the analysis.

PD-L1 and Ki-67 immunohistochemical staining. PD-L1 (22C3 clone) 
and Ki-67 (MIB-1 clone) immunohistochemistry were performed on a 
single representative diagnostic formalin-fixed paraffin-embedded 
tissue block from the resection specimen using a Link48 Autostainer 
(Agilent) for PD-L1 and a BOND-III Autostainer (Leica Biosystems) 
for Ki-67, according to the manufacturer’s instructions. Fractions of 
positively stained tumor cells (cancer cells) were scored manually by 
a pathologist in line with clinical guidelines.

Pathology tumor-infiltrating lymphocyte estimates. TILs were esti-
mated from H&E-stained slides using established international guide-
lines, developed by the International Immuno-Oncology Biomarker 
Working Group, as described in the previous reports44–46. In brief, the 
relative proportion of stromal area to tumor area was determined 
from the pathology slide of a given tumor region. TILs were reported 
for the stromal compartment (equals the percentage of stromal TILs). 
The denominator used to determine the percentage of stromal TILs 
was the area of stromal tissue. Therefore, the percentage of stromal 
TILs equaled the area occupied by mononuclear inflammatory cells 
over the total intra-tumoral stromal area rather than the fraction 
of total stromal nuclei that represent mononuclear inflammatory 
cell nuclei. This method has been demonstrated to be reproducible 
among trained pathologists47. The International Immuno-Oncology 
Biomarker Working Group developed a freely available training  
tool to train pathologists for optimal TIL assessment on H&E slides 
(http://www.tilsincancer.org/).

TRACERx analytical pipeline and orthogonal method for SCNA 
profiling and clonality inference
Somatic copy number alteration profiling. In the TRACERx WES pipe-
line, copy number segmentation data were produced using ASCAT48 
and then a multi-sample SCNA estimation approach49 was applied in 
which single-nucleotide polymorphisms are phased onto paternal and 
maternal alleles using samples with allelic imbalance and detectable 
B-allele-frequency separation. This approach allowed copy number 
aberrations present in one region to be tested for in other regions and 
enabled us to more accurately profile copy number states in low-purity 
tumor regions. To determine genome-wide copy number gain and 
loss events, copy number data for each sample were divided by the 
sample mean ploidy, and log2 transformed. Amplification, gain and 
loss thresholds were defined as log2(4/2), log2(2.5/2) and log2(1.5/2), 
respectively. LOH was defined as a floating-point copy number of the 
minor allele of <0.5. As discussed7, our pipeline may be under-calling 
homozygous deletions, due to the nature of the relatively low resolu-
tion of the WES data (restricted to exonic regions) making it difficult to 
call very focal events. Therefore, we excluded homozygous deletions 
from the analysis.

Clonality inference. In the TRACERx WES pipeline, mutations 
were classified as truncal or subclonal using a modified version of 
PyClone(v0.13.1)50. Several additional steps were then carried out 
during phylogenetic tree building to avoid over-calling subclonality 
and inappropriately increasing the reported degree of ITH7,9. For copy 
number amplification, we called ubiquitous amplifications truncal 
(for example, amplification observed in all regions for each tumor). 
Truncal/subclonal chromosomal arm gain and loss were defined on a 
per-tumor basis, by requiring at least one region to show at least 98% 
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gain or loss of the arm. Truncal arm gain or loss was then called if the 
same chromosomal arm showed at least 75% gain or loss across all 
remaining regions.

Orthogonal methods. As an orthogonal method for SCNA profiling, 
we used the default output of Sequenza12 for each sample. As a default 
output, Sequenza returns integer copy numbers for major and minor 
alleles. LOH was defined as integer copy number = 0 for the minor allele 
and integer copy number > 0 for the major allele. As an alternative 
method to call clonality for mutations, we called ubiquitous mutations 
truncal, and non-ubiquitous mutations subclonal.

Enumeration of chromosomal complexity, clonal architecture 
and intra-tumoral heterogeneity
Weighted genome instability index. The wGII score was calculated as 
the proportion of the genome with copy number aberrations relative 
to the median ploidy, weighted on a per-chromosome basis51.

Fraction of genome subject to loss of heterozygosity. The FLOH 
score was defined as the proportion of the genome subject to loss of 
heterozygosity.

Percentage subclonal SCNA. The percentage of the genome subject 
to subclonal SCNA ( SCNA minus ITH) events was divided by the per-
centage of the genome involved in any SCNA event in each tumor7,9.

Subclonal TMB (clonal in ≥1 region; ‘illusion of clonality’-type sub-
clonal mutation burden). Mutational clusters used for phylogenetic 
tree building were determined to be subclonal or clonal within every 
region by testing whether CCF (fraction of cancer cells harboring the 
cluster of mutations) was significantly lower than one. TMB of region-
ally clonal mutations in ≥1 region but not in all regions (that is, subclonal 
at tumor level), previously described as ‘illusion of clonality’ mutations 
because they may appear as clonal when only one region is sampled per 
tumor7,9, was calculated for each tumor.

Subclonal diversity within the tumor region. First, cancer cell clone 
proportions, namely what percentage of the cells in that region come 
from each clone, were calculated using the CCF of each mutational 
cluster that was used for phylogenetic tree construction. Then, the 
Simpson Diversity Index of the clone proportions was calculated to give 
the subclonal diversity of each region. Minimum subclonal diversity 
within the tumor region was used to represent the subclonal diversity 
per tumor9.

Recent subclonal expansion score. A recent subclonal expansion 
score per tumor, reflecting the size of the largest recent subclonal 
expansion within each tumor region, was calculated as follows9. First, 
for each tumor phylogenetic tree (default tree output per tumor), the 
terminal nodes on the tree (that is, leaf nodes) were identified. Then, 
for each tumor region, the maximum CCF of any of these leaf nodes 
was identified. Lastly, as a tumor-level metric, the subclonal expansion 
score was calculated by taking the maximum across the regional scores, 
therefore describing the maximal size of the most recent subclone 
expansion in each tumor.

Genomic determinants of predominant subtype
Truncal genomic alterations associated with predominantly 
high-grade or low-/mid-grade tumors. To investigate the truncal 
genomic alterations associated with predominantly high-grade pat-
tern tumors, we first compiled recurrent truncal events observed in 
more than 5% of the tumors and in at least ten tumors in either pre-
dominantly high-grade or low-/mid-grade tumors in the TRACERx 
421 LUAD cohort. The compiled list was composed of 8 truncal driver 
alterations (6 mutations, 2 amplifications) and 31 truncal chromosomal 

arm SCNAs (8 gains and 23 loss/LOHs). Logistic regression analysis was 
performed to construct a model to distinguish between predominantly 
high-grade and low-/mid-grade tumors. Specifically, we constructed an 
initial model with the presence/absence of these 39 truncal events as 
explanatory variables. Stepwise model simplification was performed 
using the stepAIC function (MASS (v7.3-55) R package). The final model 
was composed of 11 truncal genomic alterations, of which 7 were deter-
mined to be significantly independent variables. Type II ANOVA was 
performed on the final model using ANOVA function in the car (v3.1-0) R 
package. We observed consistent results when only truncal alterations 
observed in at least 10% of the cohort were included in the analysis, 
when an orthogonal tool (Sequenza12) for SCNA profiling was applied, 
or when wGII was added to the final model as a covariate to control for 
general genomic instability.

Differential copy number analysis of driver genes and chro-
mosomal arms between predominantly high-grade and low-/
mid-grade tumors. To capture SCNAs with a frequency in the cohort 
of lower than 5%, we also compared the ploidy-adjusted copy num-
ber of driver genes and chromosomal arms between predominantly 
high-grade and low-/mid-grade tumors. To account for multiregional 
input from a single tumor, a linear mixed-effect model was applied 
(response variable = ploidy-adjusted copy number of each SCNA, fixed 
effect = predominant subtype (high grade versus low/mid grade), 
random effect = tumor ID), using the lme function in nlme (v3.1-155) R 
package. An ANOVA was performed between the full model and a null 
model considering only the random effect, using the ANOVA function 
implemented in R (v3.6.1). ANOVA P values were adjusted for multiple 
comparisons using the BH method52. We observed consistent results 
when Sequenza12 was applied for SCNA profiling, or when wGII was 
added to the linear mixed-effect model as a covariate.

Mutual exclusivity and co-occurrence of truncal genomic 
alterations associated with predominantly high-grade or low-/
mid-grade tumors. To determine significantly mutually exclusive and 
co-occurring relationships between recurrent truncal genomic altera-
tions observed in more than 5% of the tumors in the TRACERx 421 LUAD 
cohort, the Rediscover (v0.3.0) R package, which applies statistical 
analysis based on the Poisson binomial distribution to take into account 
the alteration rate of genes and samples, was implemented53. The 
truncal events observed in at least ten tumors in either predominantly 
high-grade or low-/mid-grade tumors were included in the analysis. A 
getMutex function was applied, with a binary matrix of the presence/
absence of truncal driver gene mutations and a binary matrix of trun-
cal SCNA alterations (driver gene amplifications, chromosome arm 
gains and arm loss/LOH) provided as input data, for the predominantly 
low-/mid-grade tumors and predominantly high-grade tumors sepa-
rately. A getMutexAB function was also run, with binary matrices of the 
presence/absence of truncal driver gene mutations and truncal SCNA 
alterations provided as input data. The outputs from getMutex and 
getMutexAB functions were combined, and the probabilities of mutual 
exclusivity and co-occurrence were adjusted for multiple comparisons 
using the BH method. To explore the mutually exclusive or co-occurring 
truncal events specific to either predominantly high-grade or pre-
dominantly low-/mid-grade tumors, the pairs of truncal events with 
unadjusted P values < 0.05 in both predominantly high-grade and low-/
mid-grade tumors were filtered out. Analyses were conducted using R 
4.0.0 (R Foundation for Statistical Computing). The same analyses were 
conducted including only truncal alterations observed in at least 10% of 
the cohort or using Sequenza12 as an orthogonal tool for SCNA profiling.

GISTIC2.0 peak identification for tumor regions  
with solid pattern
GISTIC2.0 (ref. 18) uses as input a copy number profile across the genome 
from one sample for each tumor. To investigate genomic regions of 

http://www.nature.com/naturemedicine


Nature Medicine

Article https://doi.org/10.1038/s41591-023-02230-w

recurrent gains and amplifications associated with a solid pattern, 
the copy number profiles from all solid-pattern regions from the same 
tumor were uniformly segmented by taking minimum consistent seg-
mentations and the single sample copy number profile for each tumor 
was constructed by selecting the minimum ploidy-corrected total 
copy number per segment across the genome. By taking the minimum 
ploidy-corrected total copy number per segment, a significant peak 
(q < 0.05) in chromosome 3q (hg19 chr3: 131,091,386–191,871,390, 
3q21.3–3q29) was inferred as a truncal focal amp/gain peak associated 
with the presence of the solid-pattern regions. To investigate the pres-
ence of the gain involving the focal 3q segment in each tumor region, 
mean ploidy-adjusted copy number of the focal 3q segment was calcu-
lated and log2 transformed. When all tumor regions harbored a mean 
ploidy-adjusted copy number > log2(2.5/2), the tumor was classified as 
having a truncal gain of the focal 3q segment (including chromosome 
3q arm gain), and the tumor was classified as having subclonal gain 
when not all but at least one region harbored a gain of the segment.

Gene expression data analysis and gene-set  
enrichment analyses
RSEM (v1.3.3) R package54 was used with default parameters to quantify 
gene expression based on the BAM files aligned to the transcriptome. 
RSEM raw read counts were first normalized using the median of ratios 
method implemented in DESeq2 (v1.24.0) R package55. Genes with more 
than at least five read counts below five in at least 20% of the TRACERx 
421 cohort (a total of 20,136 genes) were kept after filtering. Variant 
stabilizing transformation was performed on the normalized reads 
implemented in DESeq2. The median value of the variant stabilizing 
transformed (VST) count of each gene was calculated per tumor, and 
gene-set enrichment analyses were performed using the fgseaLa-
bel function (fgsea (v1.12.0) R package56) to compare differentially 
expressed gene sets between predominantly high-grade-tumors and 
predominantly low-/mid-grade tumors, and between STAS-present 
and STAS-absent tumors using the Molecular Signatures Database 
hallmark gene sets57. The biological process category of each gene set 
was based on the paper by Liberzon et al57. Multiple comparisons were 
adjusted by the BH method and gene sets with q < 0.25 were determined 
to be significantly enriched as described elsewhere58. Gene-set varia-
tion analysis (GSVA) score of Hallmark G2M checkpoint genes57 was 
calculated for each sample using GSVA (v1.34.0) R package59 using 
VST count data as input. A linear mixed-effect model was applied for 
the comparison of CTNNB1 gene expression and GSVA score of G2M 
checkpoint genes between STAS-present and STAS-absent tumors 
to account for multiple regional pairs from a single tumor (response 
variable = VST normalized count data or GSVA score per sample, fixed 
effect = STAS status, random effect = tumor ID), using the lme function 
in nlme (v3.1-155) R package.

Enrichment analysis of G2M checkpoint gene SCNA
Mean ploidy-adjusted copy number of each gene was calculated per 
tumor region and was compared between predominantly high-grade 
tumors and predominantly low-/mid-grade tumors using a linear 
mixed-effect model by setting the ploidy-adjusted copy number of 
each gene as a response variable, predominance of growth pattern 
(high versus low/mid) as a fixed-effect variable, and tumor ID as a ran-
dom effect using the lme function in nlme (v3.1-155) R package. ANOVA 
P values were adjusted for multiple comparisons by the BH method and 
the genes with q < 0.05 were determined to have significantly different 
ploidy-adjusted copy numbers between predominantly high-grade and 
low-/mid-grade tumors. Among the 23,657 genes tested, 2,169 were 
significantly gained and 2,862 were lost in predominantly high-grade 
tumors. Overrepresentation of G2M checkpoint genes57 with higher 
copy number in predominantly high-grade tumors compared with 
low-/mid-grade tumors was tested by Chi-square test using the chisq.
test function implemented in R (version 3.6.1).

Identification of factors independently associated with tumor 
cell PD-L1 expression
To investigate whether the proportion of solid pattern per tumor 
(solid-pattern percentage) is independently associated with tumor cell 
(cancer cell) PD-L1 protein expression (0% versus ≥1%), we performed 
multivariable logistic regression analysis (response variable = PD-L1 
protein expression) to account for potential confounders. The number 
of TILs (pathology TIL scores), the truncal and subclonal neoantigen 
burden and the solid-pattern percentage were included in the model 
as explanatory variables.

Neoantigen prediction
Participant-specific HLA haplotype predictions were obtained using 
HLA-HD60 (v1.2.1). NetMCHpan-4.1 (ref. 61) was run on 9–11 neopeptides 
derived from nonsynonymous mutations across the TRACERx 421 
cohort and taking into account participant-specific human leukocyte 
antigens (HLAs). A cutoff of 0.5 in the eluted ligand rank was applied to 
define whether a peptide was bound to a specific HLA type. An observed 
nonsynonymous mutation is deemed a neoantigen binding to a specific 
HLA if at least one of its neopeptides is considered a binder.

Genomic distance
The genomic distance using mutations was calculated as previously 
described44. In brief, all detected mutations (single-nucleotide variants 
and indels) present in any region of a tumor were turned into a binary 
matrix (1, mutation present; 0, mutation absent), in which the rows were 
the mutations and the columns were tumor regions. The pairwise Euclid-
ean distance between any two tumor regions within each tumor was 
calculated. The genomic distance using LOH was calculated similarly; 
in brief, the presence of cytoband-level LOH was first assigned when the 
copy number status of the largest genomic segment overlapping each 
cytoband was LOH. Then, all copy number states per cytoband in any 
region from a tumor were turned into a binary matrix (1, LOH present; 0, 
LOH absent), in which the rows were genomic segments (cytoband) and 
the columns were tumor regions, and the pairwise Euclidean distance 
between any two tumor regions was calculated. Mixed-effects models 
are regression analyses for repeated data measures (for example, where 
one participant provides multiple outcomes), and a linear mixed-effect 
model was applied for the comparison of genomic distances between 
regional pairs with same versus different growth patterns to account for 
multiple regional pairs from a single tumor (response variable = genomic 
distance, fixed effect = growth pattern (different versus same), random 
effect = tumor ID), using the lme function in nlme (v3.1–155) R package.

Sequential evolution from lower-grade pattern to 
higher-grade pattern
Application of grade pattern scoring. To compare the regional growth 
patterns between specific groups of regions (for example, seeding 
versus non-seeding regions in the primary tumor, or seeding regions 
versus metastasis samples), growth patterns were transformed into 
integer scores as follows: lepidic, 1 (low-grade pattern); papillary and 
acinar, 2 (mid-grade pattern); and cribriform, micropapillary and solid, 
3 (high-grade pattern). The mean of regional pattern grade scores was 
then calculated for each regional group within each tumor.

Ancestor–descendant-like relationship inference. Within the pri-
mary tumors, regional pairs in which ancestor–descendant-like rela-
tionships were observed were investigated. In particular, we aimed to 
identify instances where one region in a regional pair contained a com-
mon ancestral-like clone with the other containing a descendant-like 
clone of the common ancestral clone. Assignments of ancestor-like 
regions and descendant-like regions were made as follows:

 1. First, primary tumor regions with purity < 0.15 were removed to 
mitigate against non-robust LOH calling in low-purity regions;
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 2. Next, an LOH tree was built for all regional pairs by counting 
shared (=trunk) LOH and private (=branch) LOH events per 
cytoband;

 3. Based on the hypothesis that the majority of LUAD tumors har-
bor one or more truncal arm-level LOH events, and that regional 
pairs that apparently harbored no shared arm-level LOH may 
in fact result from technical errors (for example, inappropriate 
ploidy/purity solutions), only LOH trees with at least one shared 
arm-level LOH (defined as ≥75% of the chromosome arm being 
lost10) were retained for further analysis;

 4. For the remaining regional pairs and LOH trees,

 a. An ancestor-like region, namely a region that harbored a clone  
similar to a recent common ancestral clone, was defined as a 
region with a proportion of the number of private LOH less 
than x% (that is, private LOH / total LOH per region < x%). x = 1, 2  
and 5 were explored and x = 2 was used in the main text and 
figures.

 b. A descendant-like region was defined as a region with a pro-
portion of the number of private LOH greater than y% (that is, 
private LOH / total LOH per region > y%) and more than one 
arm-level private LOH. y = 7.5, 10 and 15 were explored and 
y = 10 was used in the main text and figure.

To test if the ancestor–descendant-like relations inferred by the 
LOH profile conflicted with mutational profiles, dominant mutations 
with CCF ≥ 95% (namely, mutations shared among ≥95% cancer cells 
within each region) were compared between paired descendant-like 
regions and ancestor-like regions.

Ancestor–descendant-like regional pairs were also inferred using 
both LOH and mutational profiles together, applying the same method for 
dominant mutations (mean CCF of mutational cluster ≥95%, calculated 
upon phylogenetic tree construction). A mutation tree (only including 
mutations with mean cluster CCF ≥ 95%) was built for all regional pairs 
by counting shared mutations (trunk) and private mutations (branch). 
The ancestor-like region was defined as having a proportion of private 
mutational branch length less than 2% (that is, private mutation / total 
mutation per region < 2%), and the descendant-like region was defined as 
having a proportion of private mutational branch length greater than 10%. 
In the combined method, considering both LOH and mutational profiles, 
the regional pairs identified as having ancestor–descendant-like relations 
by both methods were inferred as ancestor–descendant-like regional 
pairs. Additionally, ancestor–descendant-like regional pairs were inferred 
using LOH profiles called by an orthogonal tool (Sequenza12).

Permutation test. To test the enrichment of higher-grade patterns 
in the descendant-like regions and the enrichment of higher muta-
tional burden (CCF ≥ 95%) in the descendant-like regions (namely, 
lower-to-higher (upward) transition in grade and mutation burden), 
permutation tests were applied to obtain empirical P values using 
the Monte-Carlo procedure62. Firstly, the number of ancestor–
descendant-like regional pairs with the upward transition was counted 
(observed frequency). Next, for each permutation, regional growth 
patterns and regional mutational burdens were randomized within 
each tumor and the frequency of upward transition was compared 
against the observed frequency. Finally, the empirical P value was 
calculated by equation (1):

P = (r + 1) / (n + 1) (1)

where r is the number of permutations that produced the same or a 
higher frequency of the upward transition compared with the observed 
frequency and n is the number of permutations.

Similarly, to test the enrichment of higher mean grade pattern 
scores in metastasis, a permutation test was applied to obtain empiri-
cal P values using the Monte-Carlo procedure, to account for several 

tumors having multiple metastatic samples at different time points 
and organs. Firstly, the number of seeding region and metastasis pairs 
with the metastasis having higher mean grade pattern scores (namely, 
upward transition) was counted (observed frequency). Next, for each 
permutation, mean grade pattern scores were randomized within each 
seeding region and metastasis pair. Then, the frequency of the upward 
transition was compared against the observed frequency. Finally, the 
empirical P value was calculated by equation (1).

Histological factors associated with tumor cell spread 
through air spaces and preoperative circulating tumor  
DNA positivity
To elucidate the biological difference between STAS positivity and pre-
operative ctDNA positivity, a univariable logistic regression model was 
applied. For the response variable, either STAS positivity or preopera-
tive ctDNA positivity was used. For the explanatory variable, each of the 
following histological variables was included in the model: the presence 
of each growth pattern, mitotic index, nuclear grade, Ki-67 fraction of 
tumor cells, type of tumor (IMA or not), presence of necrosis, presence 
of lymphovascular invasion, presence of visceral pleural invasion and 
pathological tumor size. P values of ANOVA in each univariable model 
were adjusted for multiple comparisons by the BH method.

Survival analysis (TRACERx cohort)
DFS was defined as the period from the date of registration to the time 
of radiological confirmation of the recurrence of the primary tumor 
registered for the TRACERx or the time of death by any cause. During 
the follow-up, three participants with LUAD (CRUK0512, CRUK0428 and 
CRUK0511) developed new primary cancer and subsequent recurrence 
from either the first primary lung cancer or the new primary cancer 
diagnosed during the follow-up. These cases were censored at the time 
of the diagnosis of new primary cancer for DFS analysis, due to the 
uncertainty of the origin of the third tumor. As for the participants who 
harbored synchronous multiple primary lung cancers, when associat-
ing genomic/pathological data from the tumors with participant-level 
clinical information, we used only data from the tumor of the highest 
pathological TMN stage. HRs and P values were calculated using the 
coxph function (survival (v3.4.0) R package), through multivariable Cox 
regression analyses, adjusted for age, pathological stage (1, 2 and 3),  
smoking pack-years, surgery type (sublobar resection versus lobec-
tomy or greater) and a receipt of adjuvant therapy. Kaplan–Meier plots 
were generated using the ggsurvplot function (survminer (v0.4.9) R 
package). Intrathoracic relapse was defined as any relapse found within 
the thoracic cavity including mediastinum and parietal pleura but not 
ribs. Extra-thoracic relapse was defined as any relapse found outside 
the thoracic cavity, including ribs and axillary, cervical and supracla-
vicular LNs. To estimate the relapse-site-specific (sub-distribution) 
HR, the Fine-Gray competing risk regression model was applied using 
cmprsk (v2.2-11) R package and adjusted for age, stage, pack-years, sur-
gery type and adjuvant therapy. In this analysis, relapses at the specific 
site (intrathoracic-only or extra-thoracic with or without intrathoracic) 
were counted as events, and relapses at other sites or non-lung cancer 
deaths were treated as competing events. Adding sex as a variable in 
the Cox regression and the Fine-Gray regression models did not change 
the results (data not shown). Relapsed cases with uncertain sites and/
or uncertain origins were excluded from relapse site-specific analysis.

Survival analysis (Memorial Sloan Kettering Cancer  
Center cohort)
Participant selection. From the Memorial Sloan Kettering Cancer 
Center Thoracic Surgery Service prospectively maintained database, 
712 participants who had undergone surgical resection for pathological 
stage (TNM staging, version 7) IB to IIIA primary LUAD from January 2006 
to December 2014 were identified. Exclusion criteria were: receipt of 
induction therapy, noninvasive histology and R2 resection classification.
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Statistical analysis. The distribution of participant clinicopathological 
characteristics was summarized as frequencies and percentages for 
categorical factors or medians, 25th and 75th percentiles for continu-
ous factors. DFS was calculated from the date of surgery to the date 
of any recurrence or death, whichever occurred first. Participants 
were otherwise censored on the date of the last follow-up. DFS was 
estimated using the Kaplan–Meier method and compared between 
groups using the log-rank test. The relationships between factors 
of interest (STAS status, necrosis status and the combination of the 
two) and DFS were quantified using multivariable Cox proportional 
hazards models, controlling for age at surgery, pathological stage (1, 2 
and 3), pack-years, surgery type (sublobar versus lobar or greater) and 
any adjuvant therapy. All statistical tests were two sided and P < 0.05 
was considered statistically significant. Analyses were conducted 
using Stata 15.1 (StataCorp) and R 4.1.2 (R Foundation for Statistical 
Computing).

Statistical analysis
All statistical tests were performed in R (version 3.6.1 unless otherwise 
specified). Tests involving correlations were performed using cor.test 
with Spearman’s method. Tests involving comparisons of distributions 
were performed using Wilcoxon rank-sum test, Wilcoxon signed-rank 
test for paired analysis, or linear mixed-effect regression analysis as 
stated, using wilcox.test function implemented as base package in 
R, wilcox.exact function (exactRankTests (v0.8-34) R package), or 
lme function (nlme (v3.1-155) R package), respectively. Fisher’s exact 
test or Chi-square test were applied for count data as stated, using 
fisher.test or chisq.test functions implemented in R. P values were 
adjusted for multiple comparisons using the BH method using p.adjust 
function implemented in R unless otherwise stated, and reported as  
q values. All statistical tests were two sided unless otherwise specified. 
The numbers of data points included in the analysis were annotated 
in the corresponding figures and/or figure legends. The packages 
tidyverse (v1.3.2), data.table (v1.14.2) and fst (v0.9.8) were used for 
data handling in R. Plotting was done using ggplot2 (v3.3.6), Complex-
Heatmap (v2.2.0), RColorBrewer (v1.1-3), gridExtra (v2.3), ggfittext 
(v0.9.1), cowplot (v1.1.1), ggpubr (v0.4.0), ggsci (v2.9), gtable (v0.3.0), 
scales (v1.2.0), dendsort (v0.3.4), seriation (v1.3.1), circlize (v0.4.15), 
ggalluvial (v0.12.3), ggnewscale (v0.4.7), ggeasy (v0.1.3) and ggrepel 
(v0.9.1) R packages.

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

Data availability
The WES data and RNA-seq data (in each case from the TRACERx study) 
used during this study have been deposited at the European Genome–
phenome Archive (EGA), which is hosted by The European Bioinformat-
ics Institute (EBI) and the Centre for Genomic Regulation (CRG) under 
the accession codes EGAS00001006494 (WES) and EGAS00001006517 
(RNA-seq); access is controlled by the TRACERx data access committee 
and details on how to apply for access are available at the linked page. 
Hallmark gene sets58 were downloaded from Molecular Signatures 
Database (https://www.gsea-msigdb.org/gsea/msigdb/).

Code availability
Code used to process data and generate figures is available at https://
doi.org/10.5281/zenodo.7543311.
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Histopathological assessment of the TRACERx 421 
LUAD cohort. a. Definition and categorisation of LUAD growth patterns. 
 b. Representative haematoxylin and eosin (H&E) photo of invasive mucinous 
adenocarcinoma (IMA). c-h. Representative H&E photos of lepidic (c), papillary 
(d), acinar (e), cribriform (f ), micropapillary (g), and solid (h) pattern observed 
in LUAD. Scale bar, 250 μm. i. Number of tumours by histological entity in the 
TRACERX 421 cohort and further annotation of the number of LUAD tumours by 
predominant subtype. j. Number of regions with growth pattern assessment.  
k. Schematic of histological assessment in the TRACERx study. Proportions 
of each subtype in the diagnostic slides were reported, and the predominant 
subtype was used to label each tumour. Multi-region sampling specimens were 

processed for whole exome and RNA sequencing, and each region was annotated 
with the representative growth pattern. l. Overview of TRACERx 421 LUAD 
cohort. Fetal adenocarcinoma, colloid adenocarcinoma, and two tumours from 
a collision tumour determined by genomic analysis were not included in the 
plot (n = 244 tumours in 240 patients are shown). Each column represents one 
tumour. The proportion of each growth pattern (subtype) based on diagnostic 
sectional area, genomic variables, and Ki-67 fraction by immunohistochemical 
staining are summarised. MIssing data are shown in grey. WGD, whole genome 
doubling; TMB, tumour mutational burden; wGII, weighted genome instability 
index; FLOH, fraction of the genome subject to loss of heterozygosity; SCNA, 
somatic copy number alteration; ITH, intra-tumour heterogeneity.
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Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | Validation of SCNA analysis using orthogonal methods. 
a, b. Comparison of intra-tumour heterogeneity (ITH) metrics calculated using 
TRACERx analytical pipeline vs orthogonal methods. (a) Comparison of the 
mean fraction of the genome subject to loss of heterozygosity (FLOH), mean 
weighted genome instability index (wGII), and somatic copy number alteration 
ITH (SCNA-ITH) by SCNA profiles generated by the TRACERx pipeline (based on 
ASCAT43 with additional multi-sample SCNA estimation approach9,44) against 
SCNA profiles generated by Sequenza12 (n = 223 tumours) and (b) a comparison 
of truncal tumour mutational burden (TMB) using the TRACERx pipeline 
(clonality inferred by the modified version of PyClone45) vs ubiquitous TMB 
(n = 224 tumours). Blue lines and grey bands represent linear regression lines 
with 95% confidence intervals (CIs). Pearson’s correlation coefficient and P value 
are shown. c. Correlation of genomic variables calculated using orthogonal 
methods and the proportion of high-grade patterns within each tumour. Colour 
scale reflects Spearman’s rank correlation coefficient (rho). Correlation P 
values were corrected for multiple testing according to Benjamini-Hochberg 
(BH) and asterisks indicate q value ranges * q < 0.05, ** q < 0.01, *** q < 0.001, 
**** q < 0.0001. d-f. Adjusted odds ratios with 95% CIs of truncal genomic 
alterations associated with the predominance of high-grade (n = 79 tumours) 
or low-/mid-grade patterns (n = 116 tumours). Genomic alterations selected 
by the model simplification are shown when (d) truncal alterations observed 
in more than 10% of the tumours in the cohort are included in the analysis, or 
when (e) SCNA profiles generated by Sequenza12 are used, or when (f) wGII is 
added to the model shown in Fig. 1d. Asterisks indicate type II ANOVA P value 
ranges * P < 0.05, ** P < 0.01, *** P < 0.001. Colour represents the type of genomic 

alteration. Statistically significant alterations (P < 0.05) are indicated in bold. 
g-h. Mutual exclusivity and co-occurrence of truncal driver gene alterations 
and chromosome arm SCNAs specific to either predominantly high-grade or 
low/mid-grade tumours when (g) truncal alterations observed in more than 
10% of the tumours in the cohort are included in the analysis, or when (h) SCNA 
profiles generated by Sequenza12 are used. Truncal alterations with unadjusted 
P < 0.05 for both predominantly high- and low/mid-grade tumours are filtered 
out. Colour of the edge represents the relationship (mutual exclusivity vs co-
occurrence) and the negative log of the q value (BH method) is represented in 
blue colour scale in predominantly low/mid-grade tumours and red colour scale 
in predominantly high-grade tumours. Relationships with q < 0.1 are shown and 
asterisks indicate q value ranges * q < 0.05, ** q < 0.01. Covariates in statistically 
significant relationships (q < 0.05) are indicated in bold. i. Comparison of mean 
wGII between tumours with (n = 20) and without (n = 96) co-occurrence of 
truncal loss/LOH of chromosome 3p and 3q in predominantly low/mid-grade 
tumours. P value was calculated using a two-sided Wilcoxon rank-sum test.  
j-k. Comparison of ploidy adjusted mean copy number of chromosomal arm 
and driver genes between high-grade and low/mid-grade predominant tumours, 
(j) using SCNA profiles generated by Sequenza12, and (k) adding wGII to the 
regression model. Fixed effect coefficients of the linear mixed effect model with 
tumour as a random effect are displayed on the x-axis, and the negative log of 
the q value (BH method) is displayed on the y-axis. Colour represents the sign 
or the mean ploidy adjusted copy number, stratified with high-grade and low/
mid-grade predominance. Data points with q value ≥ 0.05 are coloured in grey. 
Horizontal red dashed line represents q = 0.05.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3 | Genomic correlates of LUAD predominant subtypes. 
a–c. Frequency of (a) truncal driver mutations, (b) truncal driver gene 
amplifications, and (c) truncal chromosomal arm level SCNAs (gain/loss&LOH) 
in LUAD predominant subtypes. Recurrent truncal alterations observed in 
more than 5% of the tumours in the cohort are shown. Asterisks represent the 
alterations observed in fewer than 10 tumours in both predominantly high- and 
low/mid-grade predominant tumours. Colour scale represents the frequency of 
the alteration observed within each subtype. Tumours with multi-region SCNA 
data were included in the analysis (n = 224). d. Across-genome plots showing 
the frequency of truncal and subclonal SCNAs of low/mid-grade predominant 
tumours (top) and high-grade predominant tumours (bottom). Within each 
tumour type, the proportion of patients with gains or amplifications (top) and 
loss/LOH events (bottom) for each chromosome are described. The black line 
indicates the total (namely the sum of truncal and subclonal) proportion of 
tumours with SCNAs; the yellow and grey lines or shades indicate the proportion 
of tumours with subclonal and truncal gains, respectively. e. Number of genes 
with differential SCNA between high-grade and low/mid-grade predominant 

tumours. Significantly increased copy number in high-grade predominant 
tumours compared with low/mid-grade predominant tumours: G2M checkpoint 
genes, 13/186; all genes, 2169/23657 (P = 0.36, chi-square test). f. Comparison 
of (left) PD-L1 expression on cancer cells measured by immunohistochemistry 
(n = 197 tumours) and (right) stromal tumour infiltrating lymphocyte (TIL) 
scores (n = 228 tumours) across LUAD predominant subtypes. Each predominant 
subtype was compared against all other subtype tumours. P values were 
calculated using two-sided Wilcoxon rank sum test and corrected for multiple 
testing according to Benjamini-Hochberg method. Asterisks indicate q value 
ranges ** q < 0.01, **** q < 0.0001. Centre line, median; box limits, upper and 
lower quartiles; whiskers, 1.5× interquartile range. g. Adjusted odds ratios with 
95% confidence intervals (CIs) for cancer cell PD-L1 positivity (≥ 1%) per tumour 
estimated by multivariable logistic regression model (PD-L1 positive, n = 75 
tumours; PD-L1 negative, n = 102 tumours). Asterisks indicate type II ANOVA P 
value ranges * P < 0.05, *** P < 0.001. Statistically significant (P < 0.05) covariates 
are indicated in bold.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4 | Morphological intra-tumoural heterogeneity reflects 
genomic heterogeneity. a-c. Genomic distance between regions calculated by 
(a) LOH detected by Sequenza (n = 53 tumours) and genomic distance calculated 
by (b) mutation and (c) LOH only including tumour regions with purity ≥ 0.4 
(n = 30 tumours). Each point represents a distance between a pair of regions 
in a tumour. Tumours containing both different subtype pair(s) and same 
subtype pair(s) are included in the analysis. Centre line, median; box limits, 
upper and lower quartiles; whiskers, 1.5× interquartile range. P values were 
calculated using a linear mixed effects model, with tumour as a random effect. 
d. Comparison of tumour mutational burden (TMB) between ancestor-like and 
descendant-like regions (151 regional pairs in 54 tumours). Each line represents 
an ancestor-descendant-like regional pair. Each point represents one region 
and the plotted points were duplicated for regions associated with multiple 
ancestor-descendant-like pairs within a tumour. To assess the mutational 
burden shared in the majority of the cancer cells in the region, mutations with 
estimated cancer cell fraction ≥ 95% were counted (TMB CCF95). Enrichment of 
higher TMB in descendant-like regions compared with the paired ancestor-like 
regions was evaluated by permutation test (1000 permutations, randomising 
TMB within each tumour, Monte-Carlo procedure). e. Comparison of growth 

pattern by grades (left) and by the six growth patterns (right) between inferred 
ancestral-like and descendant-like regions. Tumours with single grades are 
included in the analysis. Colour represents the transition of grade from ancestral-
like to descendant-like region. Enrichment of lower-to-higher grade transition 
(upward transition) was evaluated using a permutation test (1000 permutations, 
randomising growth patterns within each tumour, Monte-Carlo procedure). 
f. Comparison of regional growth pattern grade in ancestor-descendant-
like pairs, inferred by various cutoffs of private loss of heterozygosity (LOH) 
branch length proportion. All combinations of cutoff for ancestor-like and 
descendant-like inference shown in the figure yielded empirical P value < 0.05 
(1000 permutations, Monte-Carlo procedure) when the enrichment of lower-
to-higher grade transition (upward transition) was tested. P values were not 
adjusted for the multiple comparisons shown in this panel. g-h. Comparison of 
regional pattern grade in ancestor-descendant-like pairs, inferred by (g) LOH 
profile generated by Sequenza12and (h) both LOH profile and mutational profile 
(CCF ≥ 95%). Enrichment of lower-to-higher grade transition (upward transition) 
was evaluated using a permutation test (1000 permutations, randomising 
growth patterns within each tumour, Monte-Carlo procedure).
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Extended Data Fig. 5 | Characterisation of purely (homogeneously) solid 
tumours. a. Comparison of G2M checkpoint gene expression in solid-pattern 
regions within purely solid tumours and mixed pattern tumours as defined by 
both diagnostic and regional growth pattern assessment. Centre line, median; 
box limits, upper and lower quartiles; whiskers, 1.5× interquartile range. P value 
was calculated using a linear mixed effects model, with tumour as a random 
effect. b-e. Proportion of tumours which are purely solid, mixed pattern with 
solid component, and without any solid component, compared between 
tumours with and without (b) truncal gain of chromosome arm 3q, (c) truncal 
gain of arm or focal 3q (3q21.3-3q29), (d) truncal SMARCA4 mutation and/or 

loss of heterozygosity (LOH), and (e) compared across the tumours stratified 
by truncal SMARCA4 mutation and LOH status. P value was calculated using a 
two-sided Fisher’s exact test. f. Comparison of the frequency of truncal copy 
number gain of chromosome arm 3q between mixed pattern tumours with solid 
component and purely solid tumours. A two-sided Fisher’s exact test was used. 
g-i. Comparison of the frequency of (g) copy number gain of chromosome arm 
3q, (h) gain of arm or focal 3q (3q21.3-3q29), and (i) SMARCA4 mutation and/or 
LOH between mixed pattern tumours with solid component and purely solid 
tumours using somatic copy number alteration profiles generated by Sequenza. 
A two-sided Fisher’s exact test was used.
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Extended Data Fig. 6 | Analysis of morphology and genomics in metastasis 
samples. a. Schematic of primary and secondary lung tumours in CRUK0296. 
Phylogenetic analysis confirmed the contralateral lung lesion to be a metastasis 
from the primary tumour resected three years earlier. Tumour spread through 
air spaces (STAS) was positive in the primary tumour. b. Phylogenetic tree 
of a case having lung metastasis with pure lepidic appearance (CRUK0296). 
Blue nodes are mutation clusters found only in metastasis and grey nodes 
represent mutation clusters found in the primary tumour. Regional growth 
pattern is indicated in brackets; n.a., not available; R, region. c. Representative 
haematoxylin and eosin (H&E) slide of a primary tumour of CRUK0296 showing 

tumour border (arrowheads) and STAS (arrow). d. Representative H&E slide of 
metastasis tumour in the contralateral lung of CRUK0296, which showed a pure 
lepidic pattern. e. Characteristics of five patients having lung recurrence samples 
sequenced and one patient having an intrapulmonary metastasis resected and 
sequenced at the time of primary surgery. All six patients showed positive STAS 
in the primary tumours and phylogenetic analysis revealed late metastatic 
divergence; n.a., not available. f. Proportion of the timing of seeding clone 
divergence across predominant subtypes of primary tumours. g. Frequency of 
late or early divergence of the metastatic clone compared between tumours with 
and without STAS. A two-sided Fisher’s exact test was used.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Characterisation of tumours with STAS and 
preoperative ctDNA shedding. a. Overview of the TRACERx 421 LUAD cohort, 
ordered by the positivity of STAS, pre-operative ctDNA detection, and the site of 
the relapse (n = 223 patients). Patients with synchronous primary lung cancers 
were excluded. Colloid and fetal adenocarcinomas are included (predominant 
sutbype = Other). Each column represents each patient. IMA, invasive mucinous 
adenocarcinoma; LVI, lymphovascular invasion; PL, pleural invasion. Tumours 
that did not relapse before death or the development of a new primary cancer are 
treated as no recurrence (No rec). b. Kaplan-Meier curve of disease-free survival, 
comparing STAS present vs absent. Numbers at risk are described at the bottom. 
Unadjusted and adjusted hazard ratio (HR) (adjusted for age, pathological 
stage, smoking pack-years, surgery type, and receipt of adjuvant therapy) 
are shown. c. STAS positivity across predominant subtypes of the primary 
tumour. d. Histopathological features associated with STAS positivity (left) and 
pre-operative ctDNA detection (right). Negative log of the q values (Benjamini-
Hochberg method) obtained by multiple univariable logistic regression analyses 
are presented. Vertical dotted lines represent q = 0.05, and variables with 

q < 0.05 are presented in points with colours which represent the direction of the 
correlation. e. Pre-operative ctDNA positivity across predominant subtypes of 
the primary tumour. f. Kaplan-Meier curve of disease-free survival, comparing 
patients with predominantly high-grade tumours vs low/mid-grade tumours. 
Numbers at risk are described at the bottom. Unadjusted and adusted HR 
(adjusted for age, stage, pack-years, surgery type, and adjuvant therapy) are 
shown. g. Frequency of the relapse site (intra- and/or extra-thoracic) across 
predominant subtypes (left) and grades of the predominant subtype (right) of 
primary tumour. Tumours that did not relapse before death or the development 
of a new primary cancer are treated as no recurrence (No rec). h. Relapse-site 
specific (sub-distribution) hazard ratios for predominantly high-grade tumours 
compared with low/mid-grade tumours, adjusted for age, stage, pack-years, 
surgery type, and adjuvant therapy, are presented with 95% confidence intervals 
(CIs) on a logarithmic scale (n = 185 patients). Patients with synchronous primary 
lung cancers or uncertain site of relapse were excluded from the analysis. P < 0.05 
are described in red. No corrections were made for multiple comparisons. 
 i. Positivity of necrosis across predominant subtypes of the primary tumour.

http://www.nature.com/naturemedicine


Nature Medicine

Article https://doi.org/10.1038/s41591-023-02230-w

Extended Data Fig. 8 | Genomic and transcriptomic analyses of STAS in LUAD. 
a. Frequency of driver mutations in 10 canonical oncogenic signalling pathways63 
in STAS present and absent tumours. P values calculated by two-sided Fisher’s 
exact test were corrected for multiple testing according to Benjamini-Hochberg 
(BH) method and the asterisk indicates q value range * q < 0.05. b. Comparison 
of CTNNB1 gene expression (variance stabilisation normalised count) between 
STAS absent (n = 72 tumours) and present tumours (n = 114 tumours). Each 
point represents a tumour region (STAS absent, n = 169 regions; present, n = 289 

regions). Centre line, median; box limits, upper and lower quartiles; whiskers, 
1.5× interquartile range. P value was calculated using a linear mixed effect model, 
with tumour as a random effect. c. Gene set enrichment analysis (GSEA) of 
Hallmark gene sets between STAS absent (n = 72 tumours) and present tumours 
(n = 112 tumours). Normalised enrichment score is displayed on the x-axis 
and indicates the enrichment for a given gene set. Gene sets with q < 0.25 (BH 
method) are described in grey.
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9 | Impact of STAS, pre-operative ctDNA positivity, and 
necrosis upon site and risk of recurrence. a, b. Frequency of the relapse site 
(intra- and/or extra-thoracic), stratified by the positivity of STAS and pre-
operative ctDNA detection. Pre-operative ctDNA data were based on (a) the 
assay previously reported by Abbosh et. al.8 (Tx100 cohort) and (b) the assay 
reported in our companion manuscript28 (Tx421 cohort), including 7 patients 
who underwent both assays in each cohort. Tumours that did not relapse before 
death or the development of a new primary cancer are treated as no recurrence 
(No rec). c. Kaplan–Meier (KM) curves of disease-free survival, stratified by the 
positivity of STAS and pre-operative ctDNA detection in (top) stage I patients and 
(bottom) stage II & III patients. HRs were adjusted for age, pathological stage, 
smoking pack-years, and receipt of adjuvant therapy. Surgery type was also 
added as a covariate for stage I patients but not for stage II & III patients, because 
only 1 patient underwent sublobar resection in stage II & III patients. Numbers at 
risk are described below the KM curves. d. Positivity of STAS and pre-operative 
ctDNA detection are incorporated with other tumour and clinical characteristics 

in a multivariable Cox proportional hazards model (disease-free survival). 
Hazard ratios (HRs) of each variable with 95% confidence intervals (CIs) are 
shown on the horizontal axis. e. Frequency of the relapse site (intra- and/or extra-
thoracic), stratified by the presence of STAS and necrosis in all LUADs. f. Relapse-
site specific (subdistribution) HR for positivity of necrosis, adjusted for age, 
stage, pack-years, surgery type, and adjuvant therapy, are presented with 95% 
confidence intervals (CIs) on a logarithmic scale (n = 211 patients). Patients with 
synchronous primary lung cancers or uncertain site of relapse were excluded 
from the analysis. P < 0.05 are shown in red. No corrections were made for 
multiple comparisons. g. Positivity of STAS and necrosis are incorporated with 
other tumour and clinical characteristics in a multivariable Cox proportional 
hazards model for disease-free survival. HRs of each variable with 95% CIs are 
shown. h. KM curve of disease-free survival, stratified by the positivity of STAS 
and the presence of necrosis. HRs were adjusted for age, stage, pack-years, 
surgery type, and adjuvant therapy. Numbers at risk are described at the bottom.
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Extended Data Fig. 10 | External validation of the impact of STAS and necrosis 
on disease-free survival. a. Summary of patient demographics and clinical 
characteristics of the Memorial Sloan Kettering Cancer Center cohort (n = 712 
patients). b. Positivity of STAS and necrosis are incorporated with other tumour 
and clinical characteristics in a multivariable Cox proportional hazards model of 

disease-free survival. c. Kaplan–Meier curve of disease-free survival, stratified 
by the positivity of STAS and the presence of necrosis (n = 712 patients). Hazard 
ratios were adjusted for age, pathological stage, smoking pack-years, surgery 
type, and receipt of adjuvant therapy. Numbers at risk are described at the 
bottom.
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