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Elucidating Genomic Characteristics 
of Lung Cancer Progression from In 
Situ to Invasive Adenocarcinoma
Chanida Vinayanuwattikun1,2, Florence Le Calvez-Kelm1, Behnoush Abedi-
Ardekani1, David Zaridze3, Anush Mukeria3, Catherine Voegele1, Maxime Vallée1,4, 
Dewajani Purnomosari1,5, Nathalie Forey1, Geoffroy Durand1, Graham Byrnes1, 
James Mckay1, Paul Brennan1 & Ghislaine Scelo1

To examine the diversity of somatic alterations and clonal evolution according to aggressiveness of 
disease, nineteen tumor-blood pairs of ‘formerly bronchiolo-alveolar carcinoma (BAC)’ which had 
been reclassified into preinvasive lesion (adenocarcinoma in situ; AIS), focal invasive lesion (minimally 
invasive adenocarcinoma; MIA), and invasive lesion (lepidic predominant adenocarcinoma; LPA and 
non-lepidic predominant adenocarcinoma; non-LPA) according to IASLC/ATS/ERS 2011 classification 
were explored by whole exome sequencing. Several distinct somatic alterations were observed compare 
to the lung adenocarcinoma study from the Cancer Genome Atlas (TCGA). There were higher numbers 
of tumors with significant APOBEC mutation fold enrichment (73% vs. 58% TCGA). The frequency of 
KRAS mutations was lower in our study (5% vs. 32% TCGA), while a higher number of mutations of 
RNA-splicing genes, RBM10 and U2AF1, were found (37% vs. 11% TCGA). We found neither mutational 
pattern nor somatic copy number alterations that were specific to AIS/MIA. We demonstrated that 
clonal cell fraction was the only distinctive feature that discriminated LPA/non-LPA from AIS/MIA. The 
broad range of clonal frequency signified a more branched clonal evolution at the time of diagnosis. 
Assessment of tumor clonal cell fraction might provide critical information for individualized therapy as 
a prognostic factor, however this needs further study.

The 2011 pathological classification of lung cancer adenocarcinoma (LUAD) reclassified the previous 
‘bronchiolo-alveolar carcinoma’ category (formerly BAC) into adenocarcinoma in situ (AIS), minimally invasive 
adenocarcinoma (MIA) and invasive adenocarcinoma with lepidic-predominant (LPA) or invasive adenocar-
cinoma with other predominant subtypes (formerly mucinous BAC; non-LPA). Recent classification1 officially 
recognizes AIS as a second preinvasive LUAD, after atypical adenomatous hyperplasia, while the complex hetero-
geneous mixtures of invasive tumors are defined according to the major histologic component. This classification 
is not solely histologically based, but also incorporates multidisciplinary approaches, including clinical, molec-
ular, radiologic and histologic features. It could assist in predicting outcomes such as AIS and MIA that were 
correlated with 100% 5-year survival1.

Branched clonal evolution (an evolutionary process that is driven by stepwise, somatic cell mutations with 
sequential, subclonal selection, derived from Darwinian evolutionary system2) leading to variable intratumor 
heterogeneity has been found in preinvasive lesions such as in Barrett’s esophagus3, lung adenocarcinoma in situ 
and atypical adenomatous hyperplasia4. Despite advances in our understanding of lung cancer adenocarcinoma, 
relatively little is known about the diversity of somatic alterations and the relationship, if there is, between clonal 
evolution and aggressiveness. Using next-generation sequencing, we conducted a study to examine the genomic 
characteristics in the exome of in situ to invasive lesions in order to investigate, whether mutation landscape, 

1International Agency for Research on Cancer, Lyon, France. 2Division of Medical Oncology, Department of Medicine, 
Faculty of Medicine, Chulalongkorn University and The King Chulalongkorn Memorial Hospital, Bangkok, Thailand. 
3Russian N.N. Blokhin Cancer Research Centre, Moscow, Russian Federation. 4Department of Molecular Medicine, 
CHUQ Research Center, Laval University, Quebec, Canada. 5Department of Histology and Cell Biology and Molecular 
Biology Laboratory, Faculty of Medicine, Gadjah Mada University, Yogyakarta, Indonesia. Correspondence and 
requests for materials should be addressed to G.S. (email: scelog@iarc.fr)

received: 14 May 2016

accepted: 19 July 2016

Published: 22 August 2016

OPEN

mailto:scelog@iarc.fr


www.nature.com/scientificreports/

2Scientific Reports | 6:31628 | DOI: 10.1038/srep31628

somatic copy number alterations and clonal evolution could provide clues in the progression from in situ to 
invasive lesions.

Results
Demographic and pathological review.  Demographic data and pathological review are summarized 
in Table 1. Nineteen cases with tumor previously classified as bronchiolo-alveolar carcinoma (BAC) at all oper-
able stages (IA-IIIA, AJCC 6th) with various outcomes were included. The median age of patients was 65.3 years 
(range: 54.9–74.8) and median follow-up was 38.1 months (range: 0.2–79.6). All patients underwent surgical 
resection (84% lobectomy) without either pre-operative chemotherapy or radiotherapy. Last follow-up date (upon 
December 31, 2015) revealed that 63% of patients were still alive. Upon pathological review (see Methods), five 
patients were reclassified into adenocarcinoma in situ (AIS) or minimally invasive adenocarcinoma (MIA). The 
14 remaining patients were reclassified as invasive adenocarcinoma (8 lepidic predominate (LPA) and 6 non-
lepidic predominate (non-LPA)). The LPA and non-LPA cases showed some minor heterogeneity apart from 
their predominant histologic pattern. Invasive acinar, solid, micropapillary and papillary minor patterns were 
observed in LPA group. Among the non-LPA cases, only two cases showed a solid minor pattern in addition to 
predominant acinar morphology (Table 1).

Somatic mutations and copy number alterations.  Somatic mutations.  We analyzed the exome 
sequencing data with target sequences of approximately 37 Mb. On average, 6.8 GB sequence read data (about 105 
million reads) were generated per sample. The average depth of coverage within targets was 76X. On average, local 
enrichment of net covered region (protein coding) per exome was 71.3%. In these regions, 93.8% of targeted bases 
were retained for further analysis and covered by at least one read, and 84.8% of targeted bases were covered by at 
least 10 reads. Using Mutect2 algorithm5 with additional filters for variants with frequency more than 0.01 in 1000 
Genomes Project6 and ESP6500 database7 (NHLBI GO exome sequencing project), we detected a total of 13,316 
somatic mutations (SNVs and short insertion/deletion) at a median of 15.5 Mb−1 (range: 8.6–39.5). Samples that 
were reclassified as AIS/MIA had a lower frequency of all somatic mutations than LPA and non-LPA samples with 
a median of 10.6 Mb−1 (range: 8.8–15.5), 19.5 Mb−1 (range: 8.6–39.5, Mann-Whitney’ test, p-value =​ 0.3) and 
15.5 Mb−1 (range: 14–31.1, Mann-Whitney’ test, p-value =​ 0.05), respectively. The non-synonymous mutation 
rate had a median of 12.6 Mb−1 (range: 6.8–32.9) and showed a similar trend compared with all somatic muta-
tions. The frequency of deleterious non-synonymous mutations per Mb, which are considered as potential driver 
mutations, was consistent among all subgroups (Supplementary Fig. S1). The proportions of variant type, variant 
classification of all somatic mutations and SNVs allelic fractions are shown in Supplementary Fig. S2.

ID
Self-reported 
Ethnicity

IASLC/ATS/ERS 
2011 classification#

Invasive morphological 
pattern(other than lepidic pattern)

Tumor size 
(cm)

AJCC 6th 
stage Sex

Age at 
diagnosis

Smoking 
status

Follow-up 
(month) Status

001 Russian AIS/MIA — 3 IA M 71 Current 31.4 Dead(CVD)

002 Russian AIS/MIA — 2.5 IA F 61 Never 89.7 Alive

003 Russian AIS/MIA — Missing IA F 66 Never 86.3 Alive

004 Russian AIS/MIA — 3 IA M 60 Current 79.6 Alive

005 Jewish AIS/MIA — 3 IA M 68 Never 50.3 Alive

006 Russian LPA Acinar 3 IA M 67 Current 0.2 Dead(CVD)

007 Russian LPA Acinar/Solid 3 IA M 57 Current 52.0 Alive

008 Russian LPA Solid/ micropapillary 2.5 IA M 71 Never 71.1 Alive

009 Ukrainian LPA None 6 IB M 56 Current 84.9 Alive

010 Russian LPA Acinar/papillary 3.5 IB M 60 Current 50.0 Alive

011 Russian LPA Acinar 3 IIA F 74 Never 9.8 Dead

012 Russian LPA Acinar/micropapillary 5 IIIA F 60 Never 42.2 Dead

013 Russian LPA Acinar 3.5 IIIA F 70 Never 51.1 Dead

014 Russian Non-LPA Acinar 2 IA F 65 Never 38.1 Alive

015 Russian Non-LPA Acinar 2 IA F 73 Never 42.5 Alive

016 Russian Non-LPA Acinar 4.3 IB M 59 Current 19.6 Alive

017 Russian Non-LPA Acinar/Solid 2.5 IIA F 54 Never 47.4 Alive

018 Russian Non-LPA Acinar 4.5 IIIA M 57 Current 12.6 Dead

019 Russian Non-LPA Acinar/Solid 2.5 IIIA F 73 Never 20.9 Dead

Table 1.   Clinical characteristics of the patient cohort with pathological diagnosis of ‘formerly bronchiolo-
alveolar carcinoma’ classified based on the IASLC/ATS/ERS 2011 classification. #Pathological review 
was based on slides from frozen tissues for all cases, as well as from a representative formalin-fixed paraffin-
embedded tissue block for six cases (ids 007, 010, 014, 015, 017 and 019). AIS, adenocarcinoma in situ; MIA, 
minimally invasive. adenocarcinoma; LPA, lepidic predominant adenocarcinoma; non-LPA, adenocarcinoma 
with predominant histologic subtype other than lepidic pattern; M, male; F, female; CVD, cardiovascular 
disease.
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Next, the frequency of mutation spectrum and base context surrounding mutations in all 19 samples were 
explored (Fig. 1a). We observed a mutation pattern with a high rate of C >​ T transitions (G >​ A, in complemen-
tary sequences), especially in the context of a TCW motif (where W corresponds to either A or T), consistent with 
APOBEC cytidine deaminase activity, which had been reported to play a potential role in carcinogenesis8,9 and 
correlated with APOBEC mutagenesis activity in many cancer types, including lung cancer adenocarcinoma10. 
This mutation pattern was observed similarly in AIS/MIA and LPA/non-LPA (Fig. 1b,c). NMF mutation signature 
analysis uncovered two mutation signatures (Supplementary Fig. S3), similar to signature 5 (common signature 
found in all cancer types) and signature 2 (attributed to activity of the AID/APOBEC family of cytidine deami-
nases) with maximal cosine similarities of 0.90 and 0.53, respectively. Despite the low cosine similarity of signa-
ture 2, individual sample analysis of APOBEC mutation fold10 (see Methods) showed a significant enrichment 
(q-value ≤​ 0.05) in 73% of our specimens including all AIS/MIA and the majority of invasive lesions (Fig. 1d). 
Mutation spectrum according to smoking status revealed a similar pattern as identified in previous reports11,12. 
Current smoker status was associated with cytosine to adenine (C >​ A, or G >​ T in complementary sequences) 
transversions (Supplementary Fig. S4), however no strand bias with C >​ A transversions between transcribed 
and non-transcribed strand was observed (Supplementary Fig. S5). The frequency of total mutations tended to be 
higher in current smokers (n =​ 8) than non-smokers (n =​ 11), with a median of 19.1 Mb−1 (range: 8.6–36.6) and 
14 Mb−1 (range: 8.8–39.5) (Mann-Whitney’ test, p-value =​ 0.2), respectively (Supplementary Fig. S4).

Somatic copy number alterations (SNCAs).  We identified a total of 3,500 SCNAs at a median of 148 SCNAs 
per sample, which was similar across the three groups (range: 27–557) (Supplementary Fig. S6). The heat map 
of normalized raw segmented copy number profile is shown in Supplementary Fig. S7. Consistent with a prior 
large-scale copy number TCGA LUAD study13, the most common arm-level genomic alteration was gain of 
chromosome 5p, which occurred in 61% of cases in our study (Supplementary Table S1). We then identified 
focal SCNAs using GISTIC2.014 with a high amplitude threshold (0.848 and −​0.737) that could identify relevant 
regions of focal SCNAs. GISTIC2.0 identified 16 gains and 6 losses that were contributed from three groups 
(Table 2) (Supplementary Fig. S6). Despite using different platforms, two focal gains overlapped with the TCGA 
LUAD study: chromosome 5p15.33 and chromosome 7p11.2. Gain of chromosome 5p15.33, which encodes 
TERT and CLPTM1L, was demonstrated as the most frequent genetic event in early stage non-small cell lung 
cancer15. Sequence variants of these two genes were significant susceptibility loci not only in lung cancer16,17, but 
also for other various types of cancer17–20. Chromosome 7p11.2 contains the epidermal growth factor receptor 

Figure 1.  Lego plot of average mutation frequency across 19 lung adenocarcinoma specimens with prior 
diagnosed bronchiolo-alveolar carcinoma (a) revealed significant cluster mutation pattern of C >​ T, especially 
TCW motif. Average mutation frequency according to AIS/MIA (b) and LPA/non-LPA (c) showed a similar 
pattern therefore AIS/MIA had more predominant than LPA/non-LPA. APOBEC-mediated mutagenesis 
fold enrichment according to individual lesion was determined. P-values for significance of the APOBEC 
mutation pattern were corrected using the Benjamini-Hochberg method. Samples with q-value more than 0.05 
were considered non-significant (d). All AIS/MIA and the majority of LPA/non-LPA cases had a significant 
APOBEC-mediated mutagenesis pattern. The dashed line divides the samples with q-values more than 0.5 
(below the line) and samples with q-value <​ 0.05 (above the line).
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(EGFR) gene. Target amplification of these genes had been shown their substantial oncogenic role in a unified 
pan-cancer analysis across all lineages21.

We identified two novel focal gains: chromosome 12q14.1 that contains proto-oncogene AGAP2 and chromo-
some 16p12.1 that contained potential proto-oncogene RBBP6. AGAP2 (also known as CENTG1 or PIKE) is a 
proliferation activator that promotes E2F and CDK2-dependent cell cycle progression. Overexpression of AGAP2 
renders cancer cells more resistant to apoptotic stimuli22. RBBP6, retinoblastoma binding protein 6, is an E3 
ubiquitin ligase that promotes the degradation of p53, thereby increasing cell proliferation. Higher expression of 
RBBP6 in ‘formerly BAC’ than other subtypes of lung cancer had been explored, especially in the cells undergoing 
mitosis. This indicates specific proliferative role in a particular subtype23. Recurrent focal deletion in our study 
identified chromosome 13q12.11, which contains TPTE2 (also known as TPIP), which belongs to the PTEN fam-
ily and is a well-known tumor suppressor gene with a potential inhibitory role in cell proliferation and inducing 
cell apoptosis24,25. The remaining 12 focal gains and 5 focal losses did not include any known proto-oncogene or 
tumor suppressor genes. The GISTIC2.0 amplification and deletion region (Supplementary Fig. 7) with known or 
potential proto-oncogene or tumor suppressor gene as defined by COSMIC26, CGP Census27 or elsewhere were 
summarized according to each significant SCNA (Table 2). All genes according to each focal event are listed in 
Supplementary Table S2 and Table S3.

Integrated analysis of somatic mutations and copy number variations.  The mutated genes and related key path-
ways from the previous large-scale sequencing TCGA LUAD study12, including SNVs and SCNAs (Fig. 2), were 
analyzed in our study (see Methods). There was no apparent difference in the pattern of mutated genes or SNCAs 
among the three groups. RTK/RAS/RAF pathway activation (84%) was the most frequent alteration followed by 
various chromatin/RNA splicing factors (68%), p53 alteration (53%), PI(3)K-mTOR pathway activation (53%), 
alteration of oxidative stress pathway (53%) and alteration of cell cycle pathway (26%). Even though the rate of 
RTK/RAS/RAS pathway activation was similar to that of the TCGA LUAD study (76%), we found a different pro-
portion of KRAS mutations and alteration. Considering only KRAS mutations which comprised 32% of TCGA 
lung adenocarcinomas, we found that only one case out of 19 ‘formerly BAC’ in our study was KRAS mutated 
(5%). A high fraction of EGFR amplification (42% in our study) was observed. A previous study showed that 
EGFR mutations correlated with response to receptor tyrosine kinase inhibitors and had a potential prognostic 
role28. The EGFR amplification was associated with EGFR mRNA expression29; however, its potential predictive 
ability for tyrosine kinase inhibitor response is still controversial30. The results also showed frequent amplification 

Cytoband q-value#
Peak 

region(Mb)*
Number 
of genes

Known proto-oncogene/
tumor suppressor genes 

in region

Potential proto-oncogene/
tumor suppressor genes 

in region

Amplification

12q14.1 7.58E–07 58.10–58.12 3 AGAP2, AGAP2-AS1 —

10q26.13 2.51E–06 12.43–12.43 1 — —

11p15.5 0.000371 1.26–1.28 1 — —

21q22.3 0.000827 45.95–46.19 18 — —

8p23.1 0.000966 11.84–12.58 15 — —

12q24.31 0.000109 12.22–12.22 1 — —

4q13.2 0.017225 69.34–69.51 3 — —

16p12.1 0.017225 24.56–24.76 2 — RBBP6

1q23.3 0.034396 16.15–16.15 2 — —

1p36.33 0.037419 0.000001–0.9 23 — —

5p15.33 0.040894 1.23–1.81 12 TERT LPCAT1, CLPTM1L

6p21.32 0.052931 32.55–32.71 4 — —

9p22.2 0.098184 17.14–17.46 1 — —

12p13.2 0.14579 10.57–10.60 3 — —

7p11.2 0.20156 51.38–55.58 10 EGFR VOPP1

14q11.2 0.20156 0.000001–20.48 12 — —

Deletion

4q13.2 5.22E–07 69.20–69.68 3 — —

19q13.42 0.000374 54.13–54.29 52 — —

19q13.42 0.000631 54.78–54.80 1 — —

1q31.3 0.003813 19.64–19.68 4 — —

2q11.1 0.050476 89.04–95.71 9 — —

13q12.11 0.18149 0.000001–20.5 10 — TPTE2

Table 2.   Recurrent somatic copy number alterations from GISTIC2.0 using a high threshold (0.848 and −516  
0.737) for detection of high amplifications and deep deletions, known and potential proto-oncogene/tumor 
517 suppressor genes in each region are listed. #Significant q-value after removing amplification or deletions that 
overlap other more significant peak regions in the same chromosome. *​Based on hg19 human genome assembly.
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of RIT1 (37%), which encodes a RAS-family small GTPase with significant domain and sequence homology to 
KRAS, HRAS and NRAS that was recently defined as an oncogenic driver in lung adenocarcinoma to induce cel-
lular transformation in vitro and in vivo31. RIT1 overexpression due to amplification was reported in 25% of hepa-
tocellular carcinoma cases32. Mutations of RNA splicing factors were also frequent including U2AF1 (16%) and 
RBM10 (21%). The proportion of smokers was lower in our series than in the TCGA LUAD series (42% vs. 76%).  
After correcting for smoking status, the frequency of mutations in the key pathways (Fig. 2) was significantly 
different between the two series only for RNA splicing factors (37% vs. 11% TCGA LUAD, Chi-squared test, 
p-value =​ 0.0007). There was a U2AF1 S34F missense mutation (n =​ 2) in the zinc finger domain and R203H 
(n =​ 1) in the RS domain. The S34F mutation has been correlated with exon skipping in 3′​ UTR splice site alter-
ations such as in proto-oncogene CTNNB133. RBM10 mutation represses Notch signaling and cell proliferation 
through regulation of NUMB alterative splicing34. We also observed frequent deletion of tumor suppressor genes 
KEAP1 (47%), STK11 (32%), and SMARCA4 (53%), which are located in the same locus chr19p13.2–13.3. The 
SCNA correlation of these genes was also observed in the TCGA LUAD study (n =​ 230) (Spearman’s correlation 
0.81 for KEAP1 and STK11; 0.99 for KEAP1 and SMARCA4)35.

Clonality.  Clonal expansion is a crucial part of cancer progression. We evaluated clonal architecture by explor-
ing cancer cell fraction (CCF), the proportion of tumor cells harboring each somatic mutation, using PyClone. 
This is a Bayesian Dirichlet process clustering method that integrates mutant allele fractions, normal contami-
nation and locus-specific copy number (see Methods). Distribution of CCF per sample was evenly distributed 
in all synonymous, non-synonymous and deleterious non-synonymous mutations (Supplementary Fig. S8). The 
median CCF of AIS/MIA, LPA and non-LPA were 0.96, 0.58 and 0.61 respectively. Consistent with the density plot 
of CCF in all somatic mutations (Fig. 3b), a heat map representing a group of deleterious non-synonymous muta-
tions within different clonal frequencies revealed a distinct pattern between AIS/MIA and LPA/non-LPA cases 
(Fig. 3a). A higher number of clones per tumor in LPA/non-LPA (median 2, range 1–22) than AIS/MIA (median 
1, range 1–5) was also observed. We also validated clonal architecture by CCF in 20 TCGA ‘formerly BAC’ with 
invasive feature36; 13 LPA and 7 non-LPA (Supplementary Table S4). The density plot of CCF in all somatic 
mutations revealed a broad range of CCF in both TCGA LPA and TCGA non-LPA (supplementary Fig S9).  
LPA/non-LPA (invasive lesions) had a wide distribution of CCF suggesting more complex clonal branching at the 
time of diagnosis than AIS/MIA.

We explored the impact of histological heterogeneity on clonality by comparing LPA and non-LPA cases 
with none or one invasive pattern in addition to the lepidic pattern, (n =​ 8) to these with more than one addi-
tional invasive pattern (n =​ 6). The frequencies of SNVs per Mb and copy number variations were not signifi-
cantly different between the two groups (Mann-Whitney’ test, p-value =​ 0.6 and 0.1, respectively). The density 
plot of CCF for LPA and non-LPA by the number of invasive morphologic patterns also showed similar profiles 

Figure 2.  Somatic alteration plots. (a) of genes in multiple key pathways, including genes for lung 
adenocarcinoma identified in the previous TCGA large-scale sequencing study [8]. Comparative pathway 
alterations with the large-scale sequencing study are shown (b).
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(Supplementary Fig. S9). Finally, significantly mutated genes and related pathways from Fig. 3 were analyzed for 
significant deviation from the distribution of overall clonal frequency. Only mutations in EGFR and RBM10 had a 
borderline significantly skewed distribution (q-value =​ 0.05) towards higher clonal frequencies (median CCF for 
EGFR and RBM10 were 0.98 and 0.96, respectively). Ubiquitous mutations, these having high clonal frequency, 
likely reflect the processes involved in tumorigenesis and early development.

Discussion
Genomic characteristics of ‘formerly BAC’ could represent overall variation of LUAD. No specific pattern of 
mutation landscape or somatic copy number alteration was detected that could discriminate AIS/MIA from 
LPA/non-LPA. We noticed several characteristics among ‘formerly BAC’ cases from the previous large-scale 
sequencing LUAD study12,29 or LUAD as part of a pan-cancer study10. First, we observed slightly higher numbers 
of tumors with significant APOBEC mutation fold enrichment in ‘formerly BAC’ (73% vs. 58% TCGA LUAD 
study). The proportion of deleterious non-synonymous mutations containing APOBEC mutation pattern was not 
different between AIS/MIA and LPA (Mann-Whitney’ test, p-value =​ 0.2) nor between AIS/MIA and non-LPA 
(p-value =​ 0.9). Second, the majority (77%) of significant focal events did not include any known or potential 
proto-oncogene or tumor suppressor gene. Using Reactome pathway-based analysis, we could identify the sig-
nificant biological theme of the genes on focal event gains. The overrepresented pathways for focal gains (false 
discovery rate <​0.001) (Supplementary Table S5) were mostly related to the adaptive immune system. HLA class 
II histocompatibility antigen genes HLA-DQA1, HLA-DQA2, HLA-DQB1 and HLA-DRB1, which are located 
on chromosome 6p21.32, were the important identifiers. Third, although the RTK/RAS/RAF pathway was the 
significant pathway in ‘formerly BAC’ cases, KRAS mutations had a lower frequency (5% vs. 32% TCGA LUAD) 
which might be due to the lower proportion of smoker patients in our series, while predominant mutations 
of RNA-splicing genes, RBM10 and U2AF1, were found (37% vs. 11% TCGA LUAD). A high proportion of 
SMARCA4, KEAP1 and STK11 deletions were observed in our study compared with the TCGA LUAD study. 
This could be due to the ReCapSeg pipeline that could not well discriminate deep deletion which represented 
homozygous deletions from heterozygous deletions, as acknowledged by TCGA LUAD study35. The frequency of 
pathway alterations that contained gene deletions, such as oxidative stress pathway, PI(3)K-mTOR and various 
chromatic and RNA splicing factors, were affected by this limitation. There was no apparent difference in muta-
tion landscape or somatic alterations between AIS/MIA and LPA/non-LPA.

CCF was the only distinctive feature to distinguish AIS/MIA from LPA/non-LPA. Branched clonal evolu-
tion could be evaluated ideally in either multiple single-cell37 or multi-section mutation analysis38,39. However, 
evaluation of CCF in a single DNA sample per tumor is more feasible in clinical practice and warrants further 
evaluation. High clonal diversity was correlated with more incidence of progression from Barrett’s esophagus to 
esophageal adenocarcinoma3. A larger distribution of clonal frequency in LPA/non-LPA than AIS/MIA cases 
signified more clonal evolution of LPA/non-LPA than AIS/MIA at the time of diagnosis. This finding showed 
a consistent pattern for overall mutations and for, deleterious non-synonymous mutations alone, and did not 
depend on the number of invasive histological patterns observed in the tissue samples. Unfortunately the com-
puterized tomography (CT) imaging which has been implemented to augment lung adenocarcinoma classifi-
cation, in addition to the histological patterns, was not available for our study. Progression of cancer through 

Figure 3.  Cancer cell fraction (CCF) of top deleterious non-synonymous mutations (55 genes). (a) Revealed 
a pattern of clonal frequency among the three groups. More diverse clonal frequency was found in both 
adenocarcinoma with predominant lepidic pattern (LPA) and adenocarcinoma with predominant histologic 
subtype other than lepidic pattern (non-LPA) while homogeneous clonal frequency was found in AIS/MIA.  
(b) Density plot of posterior probability distribution of CCF of all mutations according to group revealed the 
same finding as deleterious non-synonymous mutations.
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accumulation of somatic alterations had broad characteristic features, from extensive clonal genetic similarity to 
share few genetic alterations with primary tumor40. Subclonal genetic diversity might be an indicator of success 
or failure of treatment, especially if there are specific genomic profiles of sensitivity or resistance to therapeutic 
targets. Several studies have provided some initial supporting evidence; for example, high subclonal mutations 
in primary lung adenocarcinoma patients were correlated with high relapse rate39 and genomic characteristics of 
metastatic/relapsed lesions that have a similar patterns as subclones of primary tumors40,41. Recently, pan-cancer 
analysis revealed the increased risk of mortality associated with increasing number of clones up to four clones 
but declined risk at more than four clones, questioning trade-off risk and benefit of tumor heterogeneity42. 
Assessment of clonal frequency at the time of diagnosis might provide important information for individualized 
therapy as a prognostic factor however more studies are required.

In conclusion, more branched clonal evolution was the only significant characteristics of aggressiveness from 
in situ to invasive lesion, while the somatic mutation landscape or somatic alterations did not reveal any signifi-
cant pattern. Our finding emphasized the importance of clonal assessment at the time of diagnosis.

Methods
Sample selection.  Nineteen fresh-frozen lung cancer and matched blood specimens were obtained from 
cases, previously diagnosed as bronchio-alveolar carcinoma based on local routine protocol, that were recruited 
from the Moscow City Clinical Oncology Dispensary serving Moscow and the surrounding regions. The study 
was conducted according to the recommendations of the Declaration of Helsinki. Informed consent was obtained 
from all cases and the study was approved by the Ethics Committees of the International Agency for Research on 
Cancer and local institute review board (IRB). Fresh-frozen samples were obtained at the time of surgery with the 
diagnosis of BAC lung cancer and without neoadjuvant chemo- or radiotherapy. An independent pathological 
review was performed by B.A.A (prior to any data analysis) based on tissue sections prepared from all fresh-fro-
zen specimens included in the study, as well as slides from a representative formalin-fixed paraffin-embedded 
(FFPE) block for six cases. Based on IASLC/ATS/ERS 2011 classification1, we categorized the ‘formerly BAC’ 
cases into three categories. Examples of H&E stained tissue section are provided in Supplementary Fig. S10.

Group 1.  adenocarcinoma in situ (AIS) or minimally invasive adenocarcinoma (MIA); (a) AIS was defined as a 
small solitary adenocarcinoma (≤​3 cm) with pure lepidic pattern; restricted along pre-existing alveolar structure, 
lacking stromal, vascular or pleural invasion and with no papillary or micropapillary patterns. AIS was defined 
as the second preinvasive lesion of lung adenocarcinoma after adenomatous hyperplasia; (b) Minimally invasive 
adenocarcinoma (MIA) was defined as a small solitary adenocarcinoma (≤​3 cm) with predominant lepidic pat-
tern with ≤​5 mm invasion. MIA lacks lymphatic, blood vessel or pleural invasion and tumor necrosis.

Group 2.  lepidic predominant adenocarcinoma (LPA); LPA was defined as non-mucinous invasive adenocarci-
nomas with a predominant lepidic growth but with at least one of the following: focus of invasion (non-lepidic) 
measuring >​5 mm, gross tumor size >​3 cm, invasion of lymphatic, blood vessels or pleura, or tumor necrosis.

Group 3.  invasive mucinous adenocarcinoma and other; this group includes predominant histologic subtype 
other than lepidic pattern (non-LPA).

AIS and MIA may be separated from the bulk of T1 tumors and regarded as Tis and Tmi in term of subsequent 
TNM edition. Therefore in this study, we used the 6th AJCC staging system at the diagnostic period. It should be 
noted that this classification relied on the pathological review of a single tissue section, and we could not exclude 
the presence of invasion elsewhere in the tumor. Clinical and pathological information was obtained from med-
ical records, including clinical and pathological stages, tumor size, histological type and treatment. Follow-up 
data was collected from local coordinators from medical records, cancer registry, death certification or active 
follow-up with the provider physician.

Previously diagnosed ‘formerly BAC’ criterion had been used to select cases form TCGA LUAD clinical data36. 
We retrieved both diagnosis images (used by the hospital to diagnose participants) and tissue images (used for 
TCGA analyses) in SVS. format and had been reviewed by co-author B.A.A using Aperio ImageScope43. The 
twenty ‘formerly BAC’ with invasive features cases tumor-normal pairs’ bam files were retrieved to validate clon-
ality analysis via http://cghub.ucsc.edu [10/06/2016 accessed].

Somatic SNVs, short insertion and deletion variant detection.  The preparation of library and 
exome sequencing and data processing are described in the supplementary information. High confidence somatic 
substitutions were identified and restricted to just the capture targets (expected exome sequence coverage) from 
SOLiD® which included 37,256,743 bases (1.29% whole genome sequences, total 195,282 regions). We applied 
MuTect2 algorithm5 (β version) which has shown ability to detect low allele fractions and is as such suitable for 
calling somatic SNVs and indels in impure and heterogeneous tumor materials. Additional filters for variants 
with frequency more than 0.01 in 1000 Genomes Project6 and ESP6500 database (NHLBI GO exome sequencing 
project) were applied7. All variants were annotated using ANNOVAR v.2015-6-17 (ref. 37)44 and Oncotator 
v.1.545. Significant genes, previously identified by a large-scale lung cancer sequencing study (q-value <​ 0.05)12, 
published MutSig gene analyses across 21 tumor types46 and cosmic gene census v.7047 variants were retrieved 
from our data. We defined a gene to be mutated if at least one non-synonymous mutation was found in the coding 
sequence of that gene and were subsequently determined the amino acid substitution and functional prediction 
scores (SIFT, polyphen2, LRT and mutation Taster) implemented with dbNSFP v.2.648. Variant mutations were 
scored as ‘deleterious’ when at least two out of the four predictors classified the mutation as deleterious.

http://cghub.ucsc.edu
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Somatic copy-number alterations.  Genome-wide copy-ratio profiles were inferred using ReCapSeg49. 
Depth of coverage at capture targets in tumor samples was normalized by read coverage spanning a target seg-
ment with the total number of aligned reads and proportionally calibrated to estimate the copy ratio using depths 
observed in a panel of normal (non-cancer) diploid genomes. The resulting copy-ratio profiles were normalized 
to decrease noise and then segmented using the circular binary segmentation (CBS) algorithm50. All segments 
were called using ReCapSeg Caller with default parameters and classified as amplified, deleted or copy neutral. 
Significant recurrent somatic copy-number alteration (SCNA) was conducted using GISTIC2.0, a method that 
identifies likely driver SCNAs by evaluating the frequency and amplitude of observed events14. We used thresh-
old approaches: a board length cutoff of 0.5 chromosome arms, a confidence interval of 95%, a copy-ratio cap 
of 1.5, and noise thresholds at 0.848 and −​0.737 for detection of high amplification and deep deletion, respec-
tively. Biological pathways of genes located on significant focal event gains or losses that do not include known/
potential proto-oncogenes or tumor suppressor genes were identified using pathway enrichment analysis from 
ReactomePA/R package51. Reactome, a manually curated resource that describes chemical reactions, biological 
processes and pathway database that links proteins to molecular functions, was used to identify significantly 
altered pathways52.

Mutation signature analysis.  We used nonnegative matrix factorization (NMF) as the mathematical 
approach to decompose a complex multi-dimensional data set to define underlying signatures by NMF/R pack-
age53. In brief, all mutation data were converted into a matrix W that was made up of 96 features of single-based 
substitutions comprising mutation counts for each mutation type (C >​ A, C >​ G, C >​ T, T >​ A, T >​ C and T >​ G; 
somatic mutations presented in a pyrimidine context) using each possible 5′​ and 3′​ (C, A, G, T) context defined by 
the original data. The contribution of each sample to the signatures was defined as Matrix H. The main approach 
to NMF estimated matrices W and H as a local minimum of the following optimization problem:

+ ≥D X WH R W H W Hmin [ ( , ) ( , )] , 0 (1)

The algorithm of Kullback-Leibler divergence penalty was applied to the matrix, where D was a loss function 
that measures the quality of the approximation. R was an optional regularization function to enforce desirable 
properties on matrices W and H. The estimated numbers of signatures were based on Brunet’s algorithm, deci-
phering the minimal set of mutation signatures that optimally explained the proportion of each mutation type. 
After extraction, the unknown signatures (signature A, B) were compared to the catalog of 30 consensus signa-
tures published in the COSMIC database v.7254 using the cosine similarity method as previously described55. The 
pattern of mutations of signature B showed a maximal cosine similarity of 0.90 with the pattern of mutations of 
signature 5, which is the common signature found in all cancer types. The pattern of mutations of signature A 
showed a maximal cosine similarity of 0.53 with the pattern of mutation of signature 2. This pattern has been 
attributed to activity of the AID/APOBEC family of cytidine deaminases.

Detection of an APOBEC mutation pattern.  We checked for the frequency of an APOBEC mutation 
pattern using a previously described method that demonstrated effective correlation between exome and genome 
sequencing data10. The enrichment ETCW characterizing the strength of mutagenesis at TCW motif in mutation 
clusters was calculated as

=
×

×
E

mutation context
mutation context (2)

TCW
C GTCW (or )

C(or G) TCW

where mutationTCW is the number of mutated cytosines (and guanines) falling in a TCW (or WGA) motif, muta-
tionC(or G) is the total number of mutated cytosines (or guanines), contextTCW is the total number of TCW (or WGA) 
motif within a 41-nucleotides region centered on the mutated cytosines (and guanines) and contextC(or G) is the total 
number of cytosines (or guanines) within the 41-nucleotide region centered on the mutated cytosines (or guanines). 
Only specific base substitutions were included (TCW to TTW or TGW, WGA to WAA or WCA, C to T or G, and 
G to A or C). Over-representation of APOBEC signature mutation in each sample was analyzed using a one-sided 
Fisher’s exact test comparing the ratio of the number of cytosine-to-thymine or cytosine-to-guanine substitutions 
and guanine-to-adenine or guanine-to-cytosine substitutes that occurred in and out of the APOBEC target motif 
(TCW or WGA) to an analogous ratio for all cytosines and guanines that reside inside and outside of TCW or WGA 
motif. P-values were corrected using Benjamin-Hochberg multiple testing correction. A threshold of q-value <​ 0.05 
was used to define the significant level of the APOBEC signature.

Clonality analysis.  Tumor purity and allelic copy number, as a pre-requisite for CCF (clonal cell fraction) 
estimation, were analyzed using Sequenza (v2.1.1), which had shown good correlation with the SNP array-based 
ASCAT algorithm56. We generated input mpileup format from SAMtools v.0.1.1857 for tumor and matched nor-
mal tissues with minimum coverage requirement and restricted to the capture targets. The algorithm uses both 
binned coverage ratio data and allelic ratio as input and computes the sufficient sequencing depth (phred base 
quality >​ 20). The purity and allelic copy number were analyzed based on a probabilistic model, using maximum 
a posteriori estimation applied to segmented data.

Estimation of CCF was performed using PyClone v.0.12.7, using the Bayesian model and Dirichlet process 
clustering method for grouping sets and estimating cellular prevalence58. For each tumor, PyClone was run on 
all somatic mutations using the parental copy number method and pyclone binomial density. The Markov chain 
Monte Carlo (MCMC) step of PyClone was run for 10,000 iterations with burn-in and thinning parameters set 
to 1,000 and 10, respectively, resulting in 9000 independent samples from the posterior distribution of CCF per 
mutation. Otherwise, default options for PyClone were used.
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Significantly mutated genes and related pathways were tested for skewing of clonal frequency by Wilcoxon 
test. Clonal frequency estimation was adjusted by maximum clonal frequency value to remove the effect of nor-
mal cell contamination. The adjusted clonal frequencies were tested as to whether the distributions of the muta-
tions were different from than the background distribution of all clonal frequency estimates using Wilcoxon test 
(R package). Resultant p-values were then adjusted using Benjamini & Hochberg method.
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