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Understanding lung cancer evolution canidentify tools for intercepting its growth'2,
Here, in alandscape analysis 0f1,024 lung adenocarcinomas (LUADs) with deep
whole-genome sequencing integrated with multiomic data, we identified 542 LUADs
with adiverse clonal architecture. In this group, we observed divergent evolutionary
trajectories based on tobacco smoking exposure, ancestry and sex. LUAD from
smokers showed an abundance of tobacco-related C:G>A:T driver mutations® in KRAS
and shortsubclonal diversification. LUAD in people who have never smoked (hereafter,
never-smokers) showed early occurrence of copy-number alterations and EGFR
mutations associated with SBS5and SBS40a mutational signatures. Tumours
containing EGFR mutations exhibited long latency, particularly in female individuals
of European-ancestry. Tumours from Asian never-smokers showed a short clonal
evolution. Importantly, we found that the mutational signature ID2*is a marker of a
previously unrecognized mechanism for LUAD evolution. Tumours with ID2 showed
shortlatency and high long interspersed nuclear element-1(LINE-1, hereafter L1)
retrotransposon activity linked to L1 promoter demethylation. These tumours
exhibited an aggressive phenotype with genomic instability, elevated hypoxia scores,
low neoantigen burden, metastasis propensity and poor overall survival. Reactivated
L1-retrotransposition-induced mutagenesis probably contributes to the mutational
signature ID2, including through the regulation of the transcriptional factor ZNF695,
amember of the KZFP family®. The complex nature of LUAD evolution creates both
challenges and opportunities for screening and treatment plans.

Lung cancer is the second most common cancer and the leading cause
of cancer-related death worldwide. LUAD is the predominant histologi-
cal subtype®. Understanding tumour evolution canreveal strategies to
halt progression and inform treatment. Previous work has examined
evolutionacross several cancers’, including LUAD?®, largely using tar-
geted or exome sequencing, which limits the detection of complex
structural events and transposable elements.

L1 elements are mobile elements that can retrotranspose and cre-
ate new genomic insertions®'°. Normally silenced in somatic cells, L1

becomes aberrantly active in many cancers, inducing double-stranded
breaks (DSBs) and genome instability, including copy-number changes
and subclonal heterogeneity'®". Although L1 activity is implicated in
cancer heterogeneity'??, its role in LUAD evolution remains unclear
owing to limited whole-genome sequencing (WGS) data. Beyond our
previous workin232lung cancersinnever-smokers (LCINS)™, the other
LUAD WGS evolution study analysed 36 LUADs from the Pan-Cancer
Analysis of Whole Genomes’ (PCAWG), which lacked sufficient power to
explore evolutionary trajectories by demographic or exposure context.

A list of affiliations appears at the end of the paper.
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We examined 1,024 LUAD tumours from the Sherlock-Lung study™",
whichintegrates genomic, questionnaire, imaging and exposure data
toidentify factors contributing to lung tumorigenesis. Here we focused
on 542 tumours with sufficient subclonal resolution by deep WGS and
multi-omics to reconstruct evolutionary timing, identify trajectories
by ancestry, smoking and sex, and characterize L1 contributions. We
identify anaggressive LUAD subgroup marked by specific mutational
processes, link L1to mutational signature ID2 and implicate ZNF695—
aKZFP transcription factor—as a potential regulator of L1in LUAD.
These findings illuminate how L1 contributes to LUAD progression
and heterogeneity.

Temporal order of genomic eventsin LUAD

We analysed deep WGS data and matched multi-omic profiles of 1,024
LUAD and selected 542 tumours with sufficient subclonal resolution for
evolutionary analysis (Methods, Supplementary Table 1and Extended
DataFig.1). Tumours were grouped by ancestry and smoking: East Asian
never-smokers (AS_N, n =180), European never-smokers (EU_N,n=184),
European smokers (EU_S, n=120) and others (Fig.1a and Supplemen-
tary Fig.1). The timing analysis of genomic events (Methods) revealed
that whole-genome duplication (WGD) occurs significantly earlier in
never-smokers than in smokers (two-sided Wilcoxon rank-sum test,
P=5.11x10";Fig.1b,c and Supplementary Fig. 2). While most chromo-
somal gains occurred laterin smokers, early gains of chromosomes 21
and 22 (inallgroups) and chromosome X (in EU_S) in tumours suggest
possible roles in LUAD initiation (Extended Data Fig. 2).

LUAD from smokers had a higher fraction of early clonal mutations
(median, 24.7%) compared with in tumours from never-smokers (9.0%
inAS_Nand 6.0%in EU_N), including frequent driver mutationsin KRAS
(Supplementary Fig. 3) enriched for tobacco-associated C:G>A:T
changes (SBS4; Extended Data Fig. 3). By contrast, LCINS carried
more subclonal mutations (15.1% and 18.4% in AS_N and EU_N, versus
3.9% in EU_S; linear regression, P=2.61 x 10 adjusted for ancestry
and tumour purity; Fig. 1d and Supplementary Table 2). However, we
observed a dominant presence of early clonal EGFR driver mutations
in never-smokers (66.7% AS_N, 74.7% EU_N, among EGFR" tumours),
while no EGFR driver mutations were observed as early clonalin EU_S
(never-smokers versus smokers, false-discovery rate (FDR)-adjusted
P=0.025; Fig. 1e and Supplementary Fig. 3).

Overall, 81.4% of EGFR mutations were attributed to SBS5 and SBS40a
(AS N, 83.6%; EU_N, 85.8%; EU S, 35.3%; never-smokers versus smok-
ers, P=0.011; Extended DataFig. 3), consistent with endogenous pro-
cesses*'*?, and highlighting the early, endogenous-driven origin of
EGFR mutations in never-smokers. After multiple-testing correction,
noother drivers (such as TP53 or KRAS) were enriched as early clonalin
LCINS versus EU_S. Similar temporal patternsin AS_N and EU_N tumours
suggest no major ancestry-related evolutionary differences in LCINS.

Dynamic mutational processesin LUAD

To understand how mutational processes contribute to LUAD evolu-
tion, we stratified mutations by clonality and evaluated the timing
of mutational signatures identified in the Sherlock-Lung study’.
Notably, exogenous mutational processes tended to act early dur-
ing tumour evolution. Specifically, the aristolochic-acid-associated
SBS22a signature was significantly enriched in early clonal mutation
in AS_N tumours (subclonal/clonal mutation fold change (FC) = 0.68,
two-sided Wilcoxon rank-sum test with Benjamini-Hochberg correc-
tion, FDR-adjusted P=0.026), and the tobacco-smoking-associated
SBS4 and SBS100 signatures showed similar early clonal enrich-
ment in EU_S tumours (SBS4: FC = 0.79, FDR-adjusted P= 6.97 x107;
SBS100: FC = 0.81, FDR-adjusted P=2.21 x 107%; Fig. 1f). Similar pat-
terns of SBS4 have also been reported in previous studies™. By con-
trast, several endogenous or unknown-aetiology signatures were

enriched insubclonal mutations, including APOBEC signatures (SBS2:
FC=1.24,FDR-adjusted P=2.33 x 107%; SBS13: FC = 1.20, FDR-adjusted
P=2.95x107) and SBS17a/b (unknown aetiology; SBS17a: FC =1.55,
FDR-adjusted P=0.65;SBS17b: FC =1.91, FDR-adjusted P=5.37 x107%).
However, most APOBEC-related mutations occurred during the clonal
stage overall (Supplementary Fig.4). Notably, SBS17awas absentinAS_N
tumours, and SBS17b was observed in only one AS_N tumour (Supple-
mentary Fig. 5), highlighting potential ancestry- or exposure-specific
differences.

Trends were consistent when comparing early versus late clonal
mutations (Extended Data Fig. 4 and Supplementary Fig. 6). Theinser-
tion-deletion mutation (indel) signatures ID8 and ID6* (DNA repair
deficiency) were enriched in subclonalindels (Supplementary Fig. 7),
althoughlow event counts limited group comparisons. In ancestry com-
parisons, group-specific signatures (such as SBS4, SBS22a, SBS17a/b)
could not be statistically evaluated, whereas common signatures (such
as, SBS2/13) showed no timing differences.

Factorsinfluencing lung tumour latency

We used stably accumulating CpG>TpG mutations as a molecular
clock to map evolutionary time”* and define tumour latency as the
interval between the age at diagnosis and the estimated age of most
recent common ancestor (MRCA) (Methods and Supplementary Fig. 8).
CpG>TpG burden correlated with the age at diagnosis (P=2.09 x10~>;
Supplementary Fig. 9). Mapping molecular timing estimates to chrono-
logical time under different scenarios of increased CpG>TpG mutation
rates revealed similar tumour latency across groups (Supplementary
Fig.10a,b and Supplementary Table 3). Notably, AS_N tumours showed
earlierageatonset (AS_N, 63.0 years; EU_N, 67.9 years; EU_S, 66.6 years;
P<0.003; Supplementary Fig. 10c) and earlier MRCA age than other
groups (Supplementary Fig.10d).

Short latency suggests aggressive but clonal and therapeutically
targetable tumours, whereas long latency implies greater subclonal
diversity and alonger detection window but therapeutic challenges. We
examined theimpact of driver mutations on tumour latency across 50
driver genes (Fig.2aand Supplementary Table 4). Overall, EGFR-mutant
tumours had a significantly longer latency than EGFR-wild-type
mutations (median latency difference, 6.3 years; FDR-adjusted
P=8.25x107). Within LCINS, EGFR' tumours showed increased
latencyin AS_N (6.2 years; P=0.086) and EU_N (8.9 years; P=0.00031)
(Extended DataFig. 5a). By contrast, KRAS-mutant tumours exhibited
shorter latency (-5.2 years; FDR-adjusted P=0.028), particularly in
never-smokers (AS_N, —9.2 years; EU_N, -10 years; based on 3 AS_N
and 21 EU_N tumours, respectively; Extended Data Fig. 5b). Notably,
tumours from female patients showed longer latency than male (3.3
years; P=0.0034), mostly in EU_N (6.4 years; Extended Data Fig. 5c).
Multivariable analyses suggest EGFR mutations and female sex were
independently associated with longer latency, reaching statistical sig-
nificancein EU_N (Fig. 2b,c). No latency difference by sex was observed
between tumours with and without KRAS mutations.

We next investigated mutational processes in relation to tumour
latency. SBS17a was nominally associated with shorter latency across
exposure groups (Fig.2d and Supplementary Fig. 11). Importantly, the
indel signature ID2 was significantly associated with shorter tumour
latency after correcting for testing all signature types (ID2" versus
ID2” tumours: —6.2 years; FDR-adjusted P=1.94 x107*; Fig. 2d and
Supplementary Table 5), and ID2 deletion burden was negatively cor-
related with latency (R =-0.16; P=0.0027; Supplementary Fig. 12).
ID2 frequencies were 11.1%, 16.8% and 35.8% in AS_N, EU_ N and EU S,
respectively (Supplementary Fig.13), and 83.7% of ID2 deletions were
clonal. Consistent with a previous report?°, we observed that ID2 dele-
tions were associated with late replication timing in lung cancer cell
lines (Methods and Supplementary Fig.14), consistent with increased
mutationratesinlatereplication®. Inamultivariable analysisincluding
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Fig.1|Evolutionary dynamics of lung cancer. a, Summary of high-clonality
WGS data from the Sherlock-Lung study. b, The proportion of tumour samples
(n=542) withWGD acrossthe AS_N, EU_N, EU_S and other groups. ¢, The
distribution of the percentage of mutations with copy number 2, considering
onlythoseattributed to clock-like signatures (SBS1, SBSS5).d, The proportion of
mutations attributed to clonal versus subclonal states. e, Enrichment of early
clonalmutations within cancer-driver genes, stratified by smoking status. Each
pointrepresentsadriver gene, coloured by direction of enrichment. Fisher’s
exacttest was applied to 2 x 2 contingency tables (smoking status versus early
clonal mutation status). Significance thresholds are shown as dashed lines:
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P<0.05 (orange) and FDR-adjusted P< 0.05 (red); FDR correction was performed
using the Benjamini-Hochberg method. f, Dynamic mutational processes
during clonal versus subclonal tumour evolution. Fold changes represent the
difference in therelative proportions of clonal and subclonal mutations
attributed to each mutational signature. Each point corresponds toa tumour
sampleinwhichthe signature was detected (total sample size n = 542), coloured
by signature. Pvalues were calculated using two-sided Wilcoxon rank-sum
tests. The box plots show the median (centreline) and interquartile range (IQR;
box limits), and the whiskers extendto1.5 x IQR.
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Fig.2|Features associated with lung tumour latency. a, Associations
between tumour latency and driver gene mutation status were assessed using
two-sided Wilcoxon rank-sum tests with Benjamini-Hochberg correction. The
vertical blue dashed lineindicates a 5-year latency difference between wild-type
and mutant groups; the horizontal line marks the significance threshold
(FDR<0.05).b, Associations between EGFR mutation status and tumour latency,
asdetermined using linear regression adjusted for sex and tumour purity (the
percentage of cancer cells within asample). Sample sizes were as follows: AS_N
(n=180),EU_N (n=184),EU_S (n=120) and other (n = 58). Points represent
regression coefficients (), and the error bars indicate the 95% confidence
intervals (Cls) with significant associations (P<0.05) showninred. Ref.,
reference. ¢, Theestimated latency by FGFR mutation status and sex (n = 542).

Pvalues from two-sided Wilcoxon rank-sum tests are shown above the plots.
Thebox plots show the median (centre line), IQR (box limits), 1.5 x IQR (whiskers)
andindividual tumour samples. d, Associations between latency and specific
mutational signatures were evaluated using two-sided Wilcoxon rank-sum
tests with Benjamini-Hochberg correction. The vertical dashed line represents
aS-year difference between tumours with and without each signature, and

the horizontal line denotes the FDR < 0.05 threshold. e, Multivariate linear
regression (n =542) analysis of the relationship between latency and sex,
ancestry, smoking, EGFR and KRAS mutations, and the ID2 mutational signature.
Two-sided tests were applied without adjustment for multiple comparisons.
Pointsrepresent regression coefficients () and error barsindicate 95% Cls,
with significantassociations (P< 0.05) showninred.
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sex, ancestry, smoking, EGFR, KRAS and ID2 (Fig. 2e), ID2 showed the
strongest effect size on latency, followed by EGFR and sex, suggesting
anindependentimpact of these factors on LUAD evolution.

Characterization of ID2" LUAD

ID2, although of unknown origin, has been found elevated in cancer
types with defective DNA mismatch repair and microsatellite instabil-
ity*, whichwere absentin our samples. Short tumour latency suggests
aggressive tumour behaviour. We assessed the ID2 signature correlation
with tumour proliferation markers* using RNA-sequencing (RNA-seq).
As hypothesized, ID2* tumours had elevated proliferation marker
expression (forexample, MKI67: FC =1.2, FDR-adjusted P=9.35x107%;
Fig.3aand Supplementary Fig.15), strongly correlating with the burden
of ID2 deletions (Fig. 3b; MKI67:R = 0.48, P=8.88 x 107'¢), a pattern not
observed in matched normal samples (Supplementary Fig.16). Pathway
analysesindicated activation of cell cycle/proliferation programs (for
example, cell cycle checkpoints,Z=9.43,P=5.23 x10"*; Extended Data
Fig. 6a-d). Clinically, ID2* tumours were associated with worse survival
(hazardratio (HR) =1.8, P=0.0021) and the occurrence of metastases
(Fisher’s exact test: odds ratio (OR) =2.5, P=5.58 x 1073; logistic regres-
sion: P=0.039 adjusted tumour purity, age, sex and TP53 mutation
status) (Fig. 3c,d and Extended Data Fig. 6e-h).

Amultivariablelogistic modelincluding age, sex, ancestry, smoking
and tumour purity as covariates showed that 7P53 driver mutations,
WGD and Llinsertions were the most significantly enriched genomic
eventsinID2" tumours (Fig. 3e). TP53 mutations were associated with
the burden of ID2 deletions (Supplementary Fig.17), and upstream
regulator analysis indicated TP53 downregulation in ID2* tumours
(Z=-6.81,P=1.81x107*; Supplementary Fig.18). Both TP53 mutations
and WGD are consistent with genomic instability. Hypoxia, driven by
tumour growth exceeding oxygen supply*, profoundly impacts can-
cer genomics and evolution®. Consistently, we found a considerably
elevated hypoxia score in ID2* tumours across groups (Methods and
Fig. 3f).

Ashorter tumour latency may, in part, result fromimpaired immune
editing. To investigate this, we predicted neoantigens from mutation
data and quantified the propensity of each SBS and ID signature to
generate neoantigens. Notably, ID2 exhibited the lowest propensity to
generate neoantigens (Extended Data Fig. 7), suggesting that dimin-
ishedimmunoediting that could promote rapid tumour growth. Con-
sistently, RNA-seq-based immune deconvolution showed reduced T cell
and myeloid dendritic cellinfiltrationin ID2* tumours (Supplementary
Fig.19), indicating that weakened immune surveillance may drive their
aggressive progression.

Llisenriched in ID2-positive LUAD

Given the aggressive phenotype and molecular correlates of ID2*
tumours, we nextinvestigated whether L1 retrotransposition, aknown
driver of genomic instability, could mechanistically contribute to
the ID2 emergence. L1insertions were strongly associated with ID2*
tumours (Fig. 3e), independent of TP53 mutations (TP53' tumours:
P=0.000129, OR =5.57; TP53  tumours: P=0.00211, OR = 3.73). Path-
way analysis of RNA-seq datarevealed that ID2* tumours significantly
activated L1-regulated gene sets, identified from genome-wide CRISPR-
Cas9 screens of L1 control genes in two distinct human cell lines??¢,
rankingimmediately after the top cell proliferation pathways (Methods,
Extended Data Fig. 6b—d and Supplementary Fig. 20).

Previous studies have highlighted the role of L1retrotranspositionin
both tumourinitiation and progression?, predominantly in epithelial
cancerssuchaslung cancer. We therefore tracked the origins of L1inser-
tions from both germline and somatic sources, using our deep-WGS
data (Fig.4a,band Methods). Llinsertions were significantly elevated in
tumours from smokers than never-smokers (P=4.87 x107) and 70.4%
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of those with known sources originated from pre-existing germline
elements, suggesting arole in early clonal expansion. Consistent with
previous reports'®?, we identified several master germline sources of
Llelementsacrossallgroups, including chromosome 22q12.1(28.9%),
chromosome Xp22.2 (14.2%), chromosome 2q24.1(4.6%), chromosome
14g23.1(4.4%) and others (Fig. 4c).

L1activity correlates with ID2 burden

L1retrotransposon activity promotes genomic instability and tumo-
rigenesis by inducing DNA damage?® and/or disrupting driver genes™.
Using logistic regression (Methods), we observed significant associa-
tions between germline-derived L1insertions and mutational signature
ID2 (FDR-adjusted P=2.8 x107°) and ID1 (FDR-adjusted P=5.71x107%;
Fig. 4d). Notably, there were strong correlations among the numbers
ofindels assigned to these two signatures (Fig. 4e), suggesting ashared
underlying aetiology.ID1and ID2 are characterized by 1 bp insertions
and deletions, respectively, occurring within homopolymers of =5 A
or T bases. Motif analysis confirmed minimum homopolymer lengths
of 5and 6 T bases for ID1 and ID2, respectively (Fig. 4f,g). Despite
fewer somatic-derived L1 insertions, we still observed a significant
association withID2 (Supplementary Fig. 21). Moreover, L1insertions
strongly correlated with ID2-associated deletions across all three major
groups (overall: R = 0.55;AS_N:R=0.37;EU_N:R=0.46; EU_S:R=0.44;
allP<0.005; Fig. 4h). We validated this associationin anindependent
TCGA LUAD dataset (R=0.55, P=4.1x1075; Supplementary Fig. 22).
Furthermore, ID2" tumours were more enriched for germline source
Llinsertions (OR=3.57, P=1.23 x107®) than somatic transposed L1
insertions (OR =2.33, P=1.94 x107*; Supplementary Fig. 23). These
findings suggest a likely contribution of L1 retrotransposition to the
development of ID2 and its associated early clonal indels and short
tumour latency. Consistently, tumours with L1insertions, particularly
from a germline source, showed a shorter tumour latency (Supple-
mentary Fig. 24).

To further validate the association between L1 activity and ID2, we
reanalysed publicly available single-cell clone WGS datasets from two
independent studies (Methods). In longitudinal WGS data from 100
cancer cell line daughter clones®, in vitro-acquired L1 insertions sig-
nificantly correlated with ID1/ID2 mutation burden (Supplementary
Fig.25). Similarly, in 406 colorectal single-cell clones®, strong correla-
tions were observed across epithelial, cancer and MUTYH-associated
polyp clones (Extended Data Fig. 8). These results confirm that the
L1-ID2linkis robust, generalizable across tissues and detectable even
innon-tumour epithelial clones.

L1 hypomethylationinID2" LUAD

Retrotransposition proceeds through targeted-site-primed reverse
transcription (TPRT)*. During TPRT, the endonuclease activity of
ORF2p, encoded by the L1 ORF2 gene, cleaves target DNA or other
TPRT intermediates, resulting in DNA DSBs** or DNA lesions that sub-
sequently activate DNA repair pathways (for example, non-homologous
end-joining)* ¥, Notably, ORF2p specifically recognizes and cleaves
the genomic consensus sequence 5-TTTTT-3’ (canonical endonucle-
ase motifs)®*®, which closely resembles the motifs characteristic of
mutational signature ID1and ID2. Normally, L1 activity is suppressed
epigenetically, primarily through methylation of L1 promoters®. We
hypothesized that L1is reactivated through promoter demethylation.
Reactivated L1ORF2-encoded endonuclease, coupled with DNA repair
mechanisms, could contribute to the emergence of single-base-pair
indels* like ID2 (Fig. 5a).

Consistent with global hypomethylation, differentially methylated
probe (DMP) analysis showed that 95.4% of DMPs were hypomethyl-
ated in ID2" versus ID2" tumours (FDR-adjusted P < 0.01; Supplemen-
tary Fig. 26), aligning with tobacco-smoking-associated global CpG
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hypomethylation in lung and other tissues**?, and L1 hypomethyla-
tioninthe blood of both cigarettes* or e-cigarettes* smokers. In fact,
ID2 was more frequent in tumours from smokers. Targeted bisulfite
sequencing of the germline L1 promoter on chromosome 22q12.1in 80
tumours (401D2*,401D2") revealed notable demethylationin ID2L1"e"
tumours, hypermethylation in matched normals and intermediate
methylationinID2" tumours (Fig. 5b,c and Supplementary Fig. 27a,b).
CpG methylation was inversely correlated with ID2 deletions (Sup-
plementary Fig. 27c). Moreover, L1 RNA was higher in tumours than
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Total L1 insertions (log,)

normaltissue across all groups (Fig.5d and Supplementary Fig. 28) and
higherinID2" versusID2" tumours (P = 0.021; Fig. 5e). Individuals with
asmoking history (including former smokers) exhibited higher LIRNA
in both tumour and normal tissues compared with never-smokers®,
suggesting along-term impact of tobacco-related L1 retrotransposi-
tion (Supplementary Fig. 29). This effect may result from persistent
epigenomicor transcriptional alterations that sustain L1activity even
after smoking cessation®. Collectively, these findings supportarole for
reactivated L1elementsindriving the ID2 mutational signature in LUAD.



Fig.4|The associationbetween L1retrotransposition and the mutational
signatures ID2 and ID1. a, Example tumour NSLC-0622-T01 containing L1
insertions from agermline source. Inthe Circos plot, the arrows indicate
directions from germline L1elements to somaticinsertionsin the tumour
genome. The grey lines without arrowheads indicate insertions with unknown
sources. Retrotranspositions from the master L1on chromosome (chr.) 22q12.1
(highlighted in blue) are magnified. Partnered 3’ transductions are shown as
coloured triangles on chromosome 22 with asequence depth plot (grey bars).
One partnered 3’ transduction between chromosome 22 and chromosome 2
illustrates germline-source retrotransposition. b, Example tumour NSLC-
0832-T01with predominantly somatic-source Llinsertions. The greenarrows
highlight multiple tumour-specificinsertions. A magnified view of asomatic
retrotranspositionbetween chromosome 3 and chromosome11is shown.

Aspecific partnered 3’ transductionillustrates somatic-source activity. c, The
distribution of Llinsertion sources: germline, somatic and unknown (bottom),
and proportions from specific germline masters (top). d, Enrichment of
mutational signaturesin tumours with germline-source Llinsertions, assessed
by logistic regression adjusted for ancestry, sex, smoking status, age and
tumour purity. Multiple-testing correction was applied using the Benjamini-
Hochberg method. The horizontal linesindicate FDR thresholds <0.05 (orange)
and <0.01(red). e, Pearson correlation between deletions attributed to 1D2
andinsertionsattributed to ID1, with two-sided coefficients and Pvalues.

f,g, Mutational signature profiles and motifs for ID1(f) and ID2 (g). h, Pearson
correlation analysis between deletions attributed to ID2 and total somatic L1
insertions; two-sided coefficients and Pvalues are shown. The bluelinesine
and hshow thefitted regression with 95% Cls (grey).

ZNF695 contributes to L1 reactivation

To further investigate factorsinfluencing L1 promoter methylationin
both smokers and never-smokers, we analysed the Kruppel-associated
box zinc-finger proteins (KRAB-ZFPs), the largest transcription fac-
tor family that silences transposable elements, including L1° with
cell-type-specific effects*. Toidentify KRAB-ZFPs potentially involved
in germline L1 retrotransposition activation in LUAD, particularly in
tumours enriched for ID2 signature, we analysed RNA-seq datafor 471
previously identified KZFP genes*. Most expressed KZFP genes (390
out of 471) were positively correlated with each other (Supplementary
Fig.30),and 302 (77.4%) were differentially expressed in tumours versus
normal lung (62.9% upregulated, 37.1% downregulated; Supplemen-
tary Fig. 31a). Among these, 43 also differed between smokers and
never-smokers. Notably, ZNF695 showed the greatest upregulation
in tumours (FC =4.8; FDR-adjusted P=1.73 x 10*) and the highest
differential expressioninsmokers (FC =2.7, FDR-adjusted P= 0.01; Sup-
plementary Fig.31b-d). ZNF695 was also the most significantly upregu-
latedKZFPgeneinID2* tumours (FC = 3.5, FDR-adjusted P=1.14 x10°5;
Fig. 6a,b), independent of other covariates (Supplementary Fig. 32).
ZNF695 expression was most significantly correlated with the burden
of ID2 deletions (R =0.47, P=1.11x107"; Fig. 6¢,d) and L1 insertions
(Supplementary Fig. 33). Moreover, the ZNF695-binding motif was
enriched near demethylated CpG probes (+1 kb) in germline L1 pro-
moters (P=0.0028; FDR-adjusted P=0.016; Methods), and ZNF695
expression was inversely correlated with L1 promoter methylation at
chromosome 22q12.1in tumours but not in normal samples (Fig. 6e).
As expected, ZNF695 expression correlated with the expression of
proliferation markers (Supplementary Fig. 34). Single-cell analysis
revealed elevated ZNF69S5 expressionin lung epithelial cellsbutlowin
immune cell populations, suggesting a potential inverse relationship
withimmunogenicity (Extended Data Fig. 9a). Notably, type l pneumo-
cytes—the well-differentiated alveolar epithelial cells involved in oxy-
gen exchange—showed much lower ZNF695 expression than stem-like
type Il pneumocytes, potential cells of origin for LUAD*, supporting
the hypothesis of arole of ZNF695 in adenocarcinoma genesis. This
hypothesis was further supported by our lung single-nucleus multi-
omics study integrating gene expression and chromatin accessibil-
ity*8. In this dataset, ZNF695 expression was highest in a proliferating
subpopulation of alveolar type 2 (AT2pro) cells among other normal
lung cell typesidentified (Extended DataFig. 9b). Cells with detectable
ZNF695 expression also exhibited significantly elevated L1 expression
(P=0.04; Extended Data Fig. 9¢), further supporting an association
between ZNF695 and L1 activity.

To further validate the link between ZNF695 expression and ID2 signa-
ture, we examined the expression of the ZNF695-target genes. Among
28 potential ZNF695targetsidentified from curated databases (Meth-
ods), 79% were differentially expressed between ID2"and ID2” tumours
(Fig. 6f). Similarly, analysis of 70 downstream target genes regulated
by KRAB-ZFPs revealed that 67% were differentially expressed with
respect to ID2 status (Supplementary Fig. 35). These results strongly

implicate KRAB-ZFPs, including ZNF695, in the transcriptional regula-
tion linked to ID2/L1 activity.

We extracted all RNA-seq reads corresponding to ZNF695 and
examined junction reads alongside sequencing coverage. Notably,
non-canonical ZNF695 transcripts were elevated in LUAD compared
within matched normal tissues (Supplementary Fig.36). Furthermore,
ID2" tumours showed higher expression of non-canonical transcripts
than ID2” tumours. Canonical ZNF695 transcripts encode zinc-finger
proteins that recruit DNA methyltransferases, maintaining the DNA
methylation required to repress germline L1 retrotransposition®.
By contrast, non-canonical transcripts, which lack the DNA-binding
zinc-finger domain, may reduce methylation at the L1 loci through a
dominant-negative effect (Extended Data Fig. 10). This observation
suggests a dosage competition mechanism, whereby non-canonical
ZNF695 transcripts contribute to L1 reactivationin ID2* tumours.

Discussion

Inthis comprehensive study of LUAD evolution, we used deep WGS and
multi-omics analyses of high-clonality samples to determine the rela-
tive timing of various genomic changes and examine their associations
with tobacco exposure, demographic factors and clinical outcomes.

Major cancer-driver genes, suchas EGFR (dominantinnever-smokers)
and KRAS (in smokers), have been found to be mutated in histologi-
cally normal lung tissues® and in adenocarcinomain situ®’. We report
here that they are mutated very early in LUAD evolution. The timing
of the mutational signatures show that the signatures associated with
exogenous exposures, such as SBS4 and SBS100 (tobacco smoking),
mostly include clonal mutations, reflecting an early impact on tumour
initiation, while endogenous-related signatures (APOBEC, SBS17a/b)
appear later in the evolution. Taken together, one could expect to
see early clonal driver gene mutations enriched with early occurring
mutational patterns. Indeed, in smokers’ tumours we found KRAS
oncogene hotspots enriched with C:G>A:T transversions, the most
frequent mutational type associated with tobacco smoking exposure.
However, EGFR mutations in never-smokers were mostly attributed to
age or unknown endogenous processes (SBS5/SBS40a signatures).
Moreover, we observed that tumours with these driver genes have a
profoundly different latency, with slow and fast subclonal diversifica-
tion in EGFR-mutant and KRAS-mutant tumours, respectively. These
results suggest that there could be two divergent LUAD evolutionary
trajectories between smokers and never-smokers.

Specifically, in never-smokers, the epithelial tissue and related
cancer-driver genes accumulate mutations with increasing age®2.
Mutant clones compete with one another®® until one or a few clones
(for example carrying EGFR mutations) acquires a fitness advantage
and expands. The selection and expansion do not appear to be due
to exogenous mutational processes, but they may be affected by a
still unknown, probably endogenous, mutagenic process, although
generating a low number of mutations (for example, SBS40a) or a
promotion effect, for example, by stimulating inflammation**°. The
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Fig.5|Activation ofgermline L1retrotranspositiondue to DNA
demethylation of L1 promoter. a, Schematic of the mobilization mechanism
forL1. The diagram was adapted fromref. 33 (Springer Nature Limited), which
illustrates non-LTR retrotransposons mobilizing through TPRT. ORF2-encoded
endonuclease (EN) generates asingle-strand nick, freeing a3-OH to prime
reverse transcription of LLRNA. Demethylation of CpGsitesin the L1 promoter
(purplearrow) is hypothesized to activate retrotransposition. Endonuclease
activity, coupled with DNA repair, may produce single base-pair insertions or
deletions at poly(A/T) tracts. b, DNA methylation levels at the L1 promoter
region ofagermlineinsertion on chromosome 22q12.1were validated by
targeted bisulfite sequencing. The polar plot shows the median methylation
across CpGsites on chromosome 22q12.1, stratified by normal lung (n = 80),
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tumours withoutID2 signature (n =40) and tumours with the ID2 signature
(n=40).Controlsreflect 0%,33.3%, 66.6% and 100% methylation at each CpG
site (yaxis). ¢, The median methylation across CpG sites on chromosome
22ql12.1, stratified by sample type and ID2 status. Sample sizes: normal lung
(n=80), tumourswithout D2 (n =40) and tumours withID2 (n=40).d, Total L1
RNA expression estimated from RNA-seq data, stratified by sample type.
Samplesizes:AS_N(n=84),EU_N (n=40)and EU_S (n=41).e, Total LLRNA
expression compared between tumours with (n=33) and without (n =133) the
ID2signature. All of the box plots show the median (centre line), IQR (box
limits), 1.5 x IQR (whiskers) and individual datapoints. Pvalues from two-sided
Wilcoxon rank-sum tests are displayed above the box plots.
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competitionamong subclones® continues during tumour progression,
maintained by the lack of strong mutagenic effects facilitating specific
subclones’ positive selection and by poor immunoediting effects due
to the low mutational burden®*. Together, these factors contribute to
thelonglatency, which was particularly evidentin tumours from female
patients, possibly reflecting sex-differences in immune responses®.
This suggests that future or ongoing (such as NCT05164757) lung can-
cer screening programs for female non-smokers could consider long
intervals between scans.

Onthe contrary, in smokers, the age-related accumulation of muta-
tions is increased by the strong mutagenic effect of tobacco smoking
over time. Once KRAS-associated clones are positively selected (KRAS
has enrichment of C:G>A:T mutations in the hotspot), or sensitized
through smoke-induced epigenomic changes®, they rapidly expand,
facilitated by the genomicinstability, chromosomal rearrangements,
frequent DSBs associated with L1 retrotranspositionand other tobacco
smoking-related factors. In fact, tumours with KRAS mutations have
much shorter subclonal diversification than KRAS-negative tumours.

Overall, we did not observe substantial differences in the evolu-
tionary patterns between AS_N and EU_N tumours, suggesting no
major ancestry-related divergence in the evolutionary trajectories of
never-smoker LUAD. However, future studies using analytical frame-
works that offer formal statistical support and can model complex
mutation timing relationships will be important to confirm or refine
these observations. Notably, we observed the SBS22a signature almost
exclusively in Taiwanese individuals. Although SBS22a appears to be
mostly clonal, EGFR and other major cancer-driver genesin the Taiwan-
esesamplesarenotenriched withthe typical T:A>A:T mutation patterns
of SBS22a. Thus, itisunclear whether this signature reflects a causative
link between aristolochic acid exposure and LCINS carcinogenesis as
hasbeen observed in mice models of lung cancer”, or just the exposure
to aristolochic acid in this population.

Importantly, we found that the mutational signature ID2is amarker
ofamechanism for LUAD tumour evolution, which, if validated, could
be added to the arsenal of precision medicine tools for prognosis and
treatment. The indels contributing to the mutational signature ID2
were mostly clonal, and therefore present at tumour initiation. Simi-
larly, ID2 was strongly enriched in tumours with short tumour latency.
Both the associations of ID2 with tumour initiation and shortlatency
were independent from major driver genes or demographic features
affecting tumour evolution. This signature, which was two-to-three
times more frequent in smokers than non-smokers, was enriched in
fast-growing tumours with poor prognosis. Crucially, we showed that
this signature, previously of unknown aetiology, could be aby-product
oftheactivation of L1 retrotransposition, often from germline sources.
The aggressive phenotype of ID2-positive tumours could be due to
L1-related genomicinstability, oncogene activation, tumour suppressor
inactivation, metabolic reprogramming and immune modulation. L1is
the most abundant transposon element family in humans, occupying
around 17% of genomic DNA. L1 could be reactivated in the genome
through demethylation consequent to tobacco smoking exposure®and
reduced epigenetic regulation. We found that ZNF695, atranscription
factor thatis upregulated in ID2-positive tumours and is located on
chromosome 1q—aregion that is typically amplified in lung cancers—
was enriched with non-canonical transcripts lacking the DNA-binding
zinc-finger domainand unable torecruit DNA methyltransferases, prob-
ablyresultingin decreased methylationlevelsattheL1locationsduetoa
dominant-negative effect. While these findings provide strong correla-
tive evidence linking ZNF695to L1 regulation, further experiments, such
as CRISPR-based functional studies and single-cellapproaches, will be
requiredto validate this relationship and elucidate the mechanisticrole
of ZNF695 in regulating L1 retrotransposition as well as its potential
as atherapeutic target. Notably, previous studies may have failed to
recognize theimportant role of L1 retrotransposition on LUAD evolu-
tionbecause they were largely based on whole-exome sequencing data
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(for example, TRACERXx), which cannot capture non-coding genomic
regions, including transposable elements.

Different evolutionary trajectories may impact clinical course and
treatment responses. The longer latency of EGFR-mutant tumours
may allow the accumulation of mutations increasing resistance to
tyrosinekinase inhibitors (for example, the EGFR T790M mutation)*,
highlighting the potential value of upfront combination therapies to
suppresstreatment resistance mediated by the outgrowth of compet-
ing clones under selective therapeutic pressure. At the same time, the
long latency of EGFR-mutant cancers provides a wide time window
for tumour early detection. By contrast, the short subclonal diver-
sification seen in KRAS-mutation-positive tumours suggests a more
focused and potent KRAS-directed therapeutic strategy. Given the
distinctly aggressive phenotype of ID2-positive LUADs, the presence
of ID2 signature could be explored as a potential biomarker to escalate
therapies. While the low-mutation-related neoantigen in ID2-positive
LUADs could lead to poorimmune recognition and may limit the clinical
efficacy of currently availableimmune checkpoint inhibitors, the inter-
play of other immune cells in these tumours (Supplementary Fig. 19)
suggests that novel immunotherapies harnessing these immune cell
subsets could represent a more effective strategy. L1, the ORF2 protein
andtransposable elements are the subject of increasing researchinto
their role in stabilizing the genome, their dynamic relationship with
DNA methylation and their potential to be therapeutically targeted,
possibly exploiting tumour-specific antigens derived from transpos-
able elements®®. These findings highlight the need for future research
to explore therelationship between tumour latency, genomic changes,
transposable elements and clinical outcomes in LUAD.

In summary, we delineate distinct LUAD evolutionary paths, high-
lightID2 asasignature of rapid tumour growth linked to L1activity and
nominate ZNF695 as a putative regulator of L1 reactivation, provid-
ing mechanistic insights with potential prognostic and therapeutic
implications.

Online content

Anymethods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-025-09825-y.

1. Yates, L.R. & Campbell, P. J. Evolution of the cancer genome. Nat. Rev. Genet. 13, 795-806
(2012).

2. Jamal-Hanjani, M. et al. Tracking the evolution of non-small-cell lung cancer. N. Engl. J. Med.
376, 2109-2121(2017).

3. Alexandroy, L. B. et al. Mutational signatures R. Science 354, 618-622 (2016).

4.  Alexandrov, L. B. et al. The repertoire of mutational signatures in human cancer. Nature
578, 94-101(2020).

5. Yang, P, Wang, Y. & Macfarlan, T. S. The role of KRAB-ZFPs in transposable element
repression and mammalian evolution. Trends Genet. 33, 871-881(2017).

6. Zhang, Y. et al. Global variations in lung cancer incidence by histological subtype in
2020: a population-based study. Lancet Oncol. 24, 1206-1218 (2023).

7. Gerstung, M. et al. The evolutionary history of 2,658 cancers. Nature 578, 122-128 (2020).

8.  Frankell, A. M. et al. The evolution of lung cancer and impact of subclonal selection in
TRACERX. Nature 616, 525-533 (2023).

. Burns, K. H. Transposable elements in cancer. Nat. Rev. Cancer 17, 415-424 (2017).

10. Rodriguez-Martin, B. et al. Pan-cancer analysis of whole genomes identifies driver
rearrangements promoted by LINE-1 retrotransposition. Nat. Genet. 52, 306-319 (2020).

1. Mendez-Dorantes, C. et al. Chromosomal rearrangements and instability caused by the
LINE-1 retrotransposon. Preprint at bioRxiv https://doi.org/10.1101/2024.12.14.628481
(2024).

12.  Rodic, N. et al. Retrotransposon insertions in the clonal evolution of pancreatic ductal
adenocarcinoma. Nat. Med. 21, 1060-1064 (2015).

13.  Nguyen, T. H. M. et al. L1 retrotransposon heterogeneity in ovarian tumor cell evolution.
Cell Rep. 23, 3730-3740 (2018).

14. Zhang, T. et al. Genomic and evolutionary classification of lung cancer in never smokers.
Nat. Genet. 53, 1348-1359 (2021).

15.  Landi, M. T. et al. Tracing lung cancer risk factors through mutational signatures in never-
smokers. Am. J. Epidemiol. 190, 962-976 (2021).

16.  Zhu, B. et al. The genomic and epigenomic evolutionary history of papillary renal cell
carcinomas. Nat. Commun. 11, 3096 (2020).


https://clinicaltrials.gov/ct2/show/NCT05164757
https://doi.org/10.1038/s41586-025-09825-y
https://doi.org/10.1101/2024.12.14.628481

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Senkin, S. et al. Geographic variation of mutagenic exposures in kidney cancer genomes.
Nature 629, 910-918 (2024).

Diaz-Gay, M. et al. The mutagenic forces shaping the genomes of lung cancer in never
smokers. Nature 644, 133-144 (2025).

McGranahan, N. et al. Clonal status of actionable driver events and the timing of
mutational processes in cancer evolution. Sci. Transl. Med. 7, 283ra54 (2015).

Otluy, B. et al. Topography of mutational signatures in human cancer. Cell Rep. 42, 112930
(2023).

Stamatoyannopoulos, J. A. et al. Human mutation rate associated with DNA replication
timing. Nat. Genet. 41, 393-395 (2009).

Whitfield, M. L., George, L. K., Grant, G. D. & Perou, C. M. Common markers of proliferation.
Nat. Rev. Cancer 6, 99-106 (2006).

Emami Nejad, A. et al. The role of hypoxia in the tumor microenvironment and development
of cancer stem cell: a novel approach to developing treatment. Cancer Cell Int. 21, 62 (2021).
Bhandari, V., Li, C. H., Bristow, R. G., Boutros, P. C. & PCAWG Consortium. Divergent
mutational processes distinguish hypoxic and normoxic tumours. Nat. Commun. 1, 737
(2020).

Liu, N. et al. Selective silencing of euchromatic L1s revealed by genome-wide screens for
L1regulators. Nature 553, 228-232 (2018).

Li, X. et al. LINE-1 transcription activates long-range gene expression. Nat. Genet. 56,
1494-1502 (2024).

Scott, E. C. & Devine, S. E. The role of somatic L1 retrotransposition in human cancers.
Viruses 9, 131(2017).

Tubio, J. M. C. et al. Mobile DNA in cancer. Extensive transduction of nonrepetitive DNA
mediated by L1 retrotransposition in cancer genomes. Science 345, 1251343 (2014).
McKerrow, W. et al. LINE-1 expression in cancer correlates with p53 mutation, copy number
alteration, and S phase checkpoint. Proc. Natl Acad. Sci. USA 119, 2115999119 (2022).
Kazazian, H. H. Jr & Moran, J. V. Mobile DNA in health and disease. N. Engl. J. Med. 377,
361-370 (2017).

Petljak, M. et al. Characterizing mutational signatures in human cancer cell lines reveals
episodic APOBEC mutagenesis. Cell 176, 1282-1294 (2019).

Nam, C. H. et al. Widespread somatic L1 retrotransposition in normal colorectal epithelium.
Nature 617, 540-547 (2023).

Levin, H. L. & Moran, J. V. Dynamic interactions between transposable elements and their
hosts. Nat. Rev. Genet. 12, 615-627 (2011).

Gasior, S. L., Wakeman, T. P., Xu, B. & Deininger, P. L. The human LINE-1 retrotransposon
creates DNA double-strand breaks. J. Mol. Biol. 357, 1383-1393 (2006).

Morrish, T. A. et al. DNA repair mediated by endonuclease-independent LINE-1
retrotransposition. Nat. Genet. 31, 159-165 (2002).

Farkash, E. A. & Luning Prak, E. T. DNA damage and L1 retrotransposition. J. Biomed.
Biotechnol. 2006, 37285 (2006).

Suzuki, J. et al. Genetic evidence that the non-homologous end-joining repair pathway is
involved in LINE retrotransposition. PLoS Genet. 5, €1000461 (2009).

Baldwin, E. T. et al. Structures, functions and adaptations of the human LINE-1 ORF2
protein. Nature 626, 194-206 (2024).

Freeman, B. et al. Analysis of epigenetic features characteristic of L1 loci expressed in
human cells. Nucleic Acids Res. 50, 1888-1907 (2022).

Rodgers, K. & McVey, M. Error-prone repair of DNA double-strand breaks. J. Cell. Physiol.
231,15-24 (2016).

Wangsri, S., Subbalekha, K., Kitkumthorn, N. & Mutirangura, A. Patterns and possible roles
of LINE-1 methylation changes in smoke-exposed epithelia. PLoS ONE 7, €45292 (2012).
Stueve, T.R. et al. Epigenome-wide analysis of DNA methylation in lung tissue shows
concordance with blood studies and identifies tobacco smoke-inducible enhancers.
Hum. Mol. Genet. 26, 3014-3027 (2017).

Caliri, A. W., Caceres, A., Tommasi, S. & Besaratinia, A. Hypomethylation of LINE-1 repeat
elements and global loss of DNA hydroxymethylation in vapers and smokers. Epigenetics
15, 816-829 (2020).

Camila, B. et al. Genotoxicity and hypomethylation of LINE-1induced by electronic
cigarettes. Ecotoxicol. Environ. Saf. 256, 114900 (2023).

Joehanes, R. et al. Epigenetic signatures of cigarette smoking. Circ. Cardiovasc. Genet. 9,
436-447 (2016).

Imbeault, M., Helleboid, P.-Y. & Trono, D. KRAB zinc-finger proteins contribute to the
evolution of gene regulatory networks. Nature 543, 550-554 (2017).

Han, G. et al. An atlas of epithelial cell states and plasticity in lung adenocarcinoma.
Nature 627, 656-663 (2024).

Long, E. et al. Context-aware single-cell multiomics approach identifies cell-type-specific
lung cancer susceptibility genes. Nat. Commun. 15, 7995 (2024).

Rosspopoff, O. & Trono, D. Take a walk on the KRAB side. Trends Genet. 39, 844-857
(2023).

Hill, W. et al. Lung adenocarcinoma promotion by air pollutants. Nature 616, 159-167
(2023).

Haga, Y. et al. Whole-genome sequencing reveals the molecular implications of the
stepwise progression of lung adenocarcinoma. Nat. Commun. 14, 8375 (2023).

Huang, Z. et al. Single-cell analysis of somatic mutations in human bronchial epithelial
cells in relation to aging and smoking. Nat. Genet. 54, 492-498 (2022).

Colom, B. et al. Mutant clones in normal epithelium outcompete and eliminate emerging
tumours. Nature 598, 510-514 (2021).

Jardim, D. L., Goodman, A., de Melo Gagliato, D. & Kurzrock, R. The challenges of tumor
mutational burden as an immunotherapy biomarker. Cancer Cell 39, 154-173 (2021).

55. Klein, S. L. & Flanagan, K. L. Sex differences in immune responses. Nat. Rev. Immunol. 16,
626-638 (2016).

56. Vaz, M. etal. Chronic cigarette smoke-induced epigenomic changes precede sensitization
of bronchial epithelial cells to single-step transformation by KRAS mutations. Cancer Cell
32, 360-376 (2017).

57.  Mengs, U. Tumour induction in mice following exposure to aristolochic acid. Arch. Toxicol.
61, 504-505 (1988).

58. Ambatipudi, S. et al. Tobacco smoking-associated genome-wide DNA methylation
changes in the EPIC study. Epigenomics 8, 599-618 (2016).

59. Kobayashi, S. et al. EGFR mutation and resistance of non-small-cell lung cancer to gefitinib.
N. Engl. J. Med. 352, 786-792 (2005).

60. Shah, N. M. et al. Pan-cancer analysis identifies tumor-specific antigens derived from
transposable elements. Nat. Genet. 55, 631-639 (2023).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

This is a U.S. Government work and not under copyright protection in the US; foreign copyright
protection may apply 2025

'Division of Cancer Epidemiology and Genetics, National Cancer Institute, Bethesda, MD,
USA. 2Manchester Cancer Research Centre, The University of Manchester, Manchester, UK.
3Department of Cellular and Molecular Medicine, University of California San Diego, La Jolla,
CA, USA. “Department of Bioengineering, University of California San Diego, La Jolla, CA,
USA. SMoores Cancer Center, University of California San Diego, La Jolla, CA, USA. ®Digital
Genomics Group, Structural Biology Program, Spanish National Cancer Research Center
(CNIO), Madrid, Spain. ’Advanced Technology Center for Aging Research, IRCCS INRCA,
Ancona, Italy. ®Clinic of Laboratory and Precision Medicine, IRCCS INRCA, Ancona, Italy.
°Department of Pathology, Centre Hospitalier de |'Université de Montréal, Montreal, Quebec,
Canada. "°Department of Pathology and Laboratory Medicine, Memorial Sloan Kettering
Cancer Center, New York, NY, USA. "Department of Pathology, Brigham and Women’s
Hospital, Boston, MA, USA. “Institut Universitaire de Cardiologie et de Pneumologie de
Québec—Université Laval, Quebec City, Quebec, Canada. *Westat, Rockville, MD, USA.
“Cancer Genomics Research Laboratory, Leidos Biomedical Research, Frederick National
Laboratory for Cancer Research, Frederick, MD, USA. ®Queen Mary Hospital, The University of
Hong Kong, Hong Kong, China. ®Department of Pathology, The University of Hong Kong,
Hong Kong, China. "Institute of Population Health Sciences, National Health Research
Institutes, Zhunan, Taiwan. ®Institute of Medicine, Chung Shan Medical University, Taichung,
Taiwan. *Department of Surgery, Division of Thoracic Surgery, Chung Shan Medical University
Hospital, Taichung, Taiwan. Division of Pulmonary and Critical Care Medicine, Mayo Clinic,
Rochester, MN, USA. #Biobanco IBSP-CV FISABIO, Valencia, Spain. 22Red Valenciana de
Biobancos FISABIO, Valencia, Spain. *Department of Cancer Epidemiology, H. Lee Moffitt
Cancer Center and Research Institute, Tampa, FL, USA. *Thoracic Surgery, Roswell Park
Comprehensive Cancer Center, Buffalo, NY, USA. *Department of Cancer Epidemiology and
Primary Prevention, Maria Sktodowska-Curie National Research Institute of Oncology,
Warshaw, Poland. ?Department of Environmental Epidemiology, Nofer Institute of
Occupational Medicine, £6dz, Poland. ?Department of Clinical Epidemiology, N.N. Blokhin
National Medical Research Centre of Oncology, Moscow, Russia. ZInstitute of Hygiene and
Epidemiology, 1st Faculty of Medicine, Charles University, Prague, Czech Republic.
Department of Oncology, 2nd Faculty of Medicine, Charles University and Motol University
Hospital, Prague, Czech Republic. *Department of Occupational Health and Toxicology,
National Center for Environmental Risk Monitoring, National Institute of Public Health,
Bucharest, Romania. *'International Organisation for Cancer Prevention and Research
(IOCPR), Belgrade, Serbia. *?Department of Thoracic Surgery, Clinical Center of Serbia,
Belgrade, Serbia. **Sylvester Comprehensive Cancer Center, Department of Medicine,
University of Miami Miller School of Medicine, Miami, FL, USA. **Department of Environmental
Health, Harvard T.H. Chan School of Public Health, Boston, MA, USA. **Department of
Medicine, Massachusetts General Hospital, Boston, MA, USA. **Genomic Epidemiology
Branch, International Agency for Research on Cancer (IARC/WHO), Lyon, France. *’Princess
Margaret Cancer Center, University of Toronto, Toronto, Ontario, Canada. *®|HU RespirERA,
Biobank-BB-0033-0025, Céte d’Azur University, Nice, France. **Department of Pathology, Yale
School of Medicine, New Haven, CT, USA. “°Department of Clinical Sciences and Community
Health, University of Milan, Milan, Italy. “Fondazione IRCCS Ca’ Granda Ospedale Maggiore
Policlinico, Milan, Italy. *Ben May Department for Cancer Research, The University of
Chicago, Chicago, IL, USA. “*Department of Human Genetics, The University of Chicago,
Chicago, IL, USA. “The University of Chicago Medicine Comprehensive Cancer Center, The
University of Chicago, Chicago, IL, USA. **Sanford Stem Cell Institute, University of California
San Diego, La Jolla, CA, USA. “*Department of Mathematics, Harvard University, Cambridge,
MA, USA. “Department of Organismic and Evolutionary Biology, Harvard University,
Cambridge, MA, USA. “®Manchester NIHR Biomedical Research Centre, Manchester, UK.
*e-mail: landim@mail.nih.gov

Nature | Vol 650 | 5February 2026 | 241


mailto:landim@mail.nih.gov

Article

Methods

Collection of lung cancer samples

In the Sherlock-Lung study, we identified 1,024 patients with histo-
logically confirmed LUAD (Supplementary Table 1). Samples were
collected from multiple centres across four continents®, including
286 smokers, 737 never-smokers and 1 individual of unknown smok-
ing status. The fresh-frozen tumour tissue with matched whole-blood
samples or fresh frozen normal lung tissue sampled, when possible, at
least3 cm from the tumour were collected from these treatment-naive
patients. We followed rigorous criteria for sample inclusion, similar
to previous publications': (1) Sequencing coverage. We maintained
aminimum average sequencing coverage of >40x for tumour sam-
ples and >25x for normal samples. (2) Contamination and related-
ness. Cross-sample contamination was limited to <1% by Conpair®,
and detected relatedness was maintained <0.2 by Somailer®. (3)
Copy-number analysis. Participants with abnormal copy-number
profiles in normal samples were excluded, as determined by Bat-
tenberg®. (4) Mutational signatures. Tumour samples exhibiting
mutational signatures SBS7 (two samples, associated with ultravio-
let light exposure) and SBS31 (one sample, associated with platinum
chemotherapy) were removed from the analysis. (5) WGS quality
control. Tumour samples with a total genomic alteration count of
<100 or <1,000 along with NRPCC (number of reads per chromo-
somal copy)®* of <10 were excluded. (6) Multiple-region sequencing.
In cases in which multiple regions of a tumour were sequenced, only
one high-purity tumour sample was included to avoid redundancy.
These stringent criteria were applied consistently to ensure the
robustness and reliability of the data collected for the Sherlock-Lung
study.

As NCl exclusively received deidentified samples and data from
collaborating centres, had no direct contact or interaction with the
study participants, and did not use or generate any identifiable private
information, Sherlock-Lung has been classified as ‘not human subject
research’ in accordance with the Federal Common Rule (45 CFR 46;
eCFR.gov). Collaborating centres obtained informed consent for pub-
lication of human data from participants under protocols approved by
their respective Institutional Review Boards.

Sample selection for tumour evolution analysis

To ensure adequate statistical power for identifying subclone archi-
tectures and constructing lung cancer evolutionary histories, we
used a metric known as NRPCC® to select the appropriate samples
for clonal evolution analyses. As expected, our ability to detect sub-
cloneswas foundto depend onthe NRPCC, rather than the number of
identified mutations. By setting a threshold of NRPCC > 10, we could
reliably identify subclones with a cancer cell fraction exceeding 40%.
Overall, approximately 53.2% of the LUAD samples exhibited evidence
of at least one subclone expansion, which is higher than the LUAD
tumours (mostly from smokers) in the PCAWG study (47.4%), possibly
due to the higher sequencing depth in the Sherlock-Lung study. We
selected 542 LUAD tumour samples with NRPCC > 10, purity > 0.3 and
high-quality copy-number profiles as we need clonality data for the
downstream tumour evolution analyses. We grouped these tumours
into four categories based on the patients’ tobacco smoking status
and genetic ancestry, including East Asian-ancestry never-smokers,
mostly from Taiwan and Hong Kong (AS_N, n =180), European-ancestry
never-smokers, mostly from Europe and North America (EU_N, n=184),
European-ancestry smokers mostly from Europe and North America
(EU_S, n=120) and an indeterminate group (others). The ‘others’
group comprised 6 African-ancestry individuals, 16 individuals who
did not cluster with 1IKGP EUR, EAS or AFR reference panels, and 36
from either East Asian or European-ancestry with uncertain tobacco
exposure, based on the presence of SBS4 mutational signature and
tobacco smoking history.

Specimen processing

The methods for specimen collection and processing have been
described in our previous publication™. Genomic DNA was extracted
from fresh-frozen tissue according to the protocols outlined in the
QIAmp DNA MiniKit (Qiagen) user manual. The concentration of DNA
was determined using aNanodrop spectrophotometer. Subsequently,
DNA quantification, normalization and fragmentation were performed
using the same procedure as our standard WGS process™. Each DNA
sample was required to meet minimum mass and concentration thresh-
olds and had to exhibit no signs of contamination or profile discordance
as indicated by the identifiler assay. Samples meeting these require-
ments were then subdivided into aliquots, with mass adjusted to meet
the specific requirements for downstream assay processing.

WGS processing
WGS library construction followed our previously reported protocol™.
The Broad Institute (https://www.broadinstitute.org) conducted WGS
sequencing on the [llumina HiSeq X and NovaSeq6000 platforms fol-
lowing lllumina protocols for 2 x 150 bp paired-end sequencing. FASTQ
files were generated after Illuminabase-calling. Paired FASTQ were con-
verted into unmapped BAM using the GATK pipeline, available at https://
github.com/gatk-workflows/seq-format-conversion. Subsequently,
the unmapped BAM files were further processed using GATK on the
cloud-based platform TERRA workspaces (https://app.terra.bio). The
sequencing datawere aligned to the humanreference genome GRCh38,
and the resulting aligned BAM files were then transferred to the NIH
HPC system (https://hpc.nih.gov) for subsequent downstreamanalyses.
For the public WGS data, the preprocessed aligned BAM/CRAM files
(including unmapped reads) were first converted back to FASTQ files
using Bazam (v.1.0.1)%* to retain the sequencing lane and read group
information and then processed using the same pipeline as for the
Sherlock-Lung WGS dataset. As a validation dataset to examine the rela-
tionship between ZNF695, mutational signatureID2 and L1linsertions, we
downloaded newly released raw BAM files of TCGA LUAD samples from
the NCIGDC data portal (https://portal.gdc.cancer.gov/). We excluded
tumour samples previously analysed as part of the Sherlock-Lung data-
set, resulting in a total of 258 TCGA LUAD samples for validation. We
followed the same analytical pipelines asin the Sherlock-Lung dataset.

Defining high-quality WGS dataset

Asindicatedinthe PCAWG study®*, our ability to detect subclones was
determined by the NRPCC value, rather than the quantity of identi-
fied mutations®*. Thus, for tumour evolution analysis, we selected a
set of 542 LUAD tumour samples with high-quality WGS data as our
discovery set. The selection was based on the following criteria. First,
werequired atumour purity greater than 0.3, indicating a substantial
proportion of tumour cells within the samples. Second, we set a mini-
mum NRPCC value of 10 to ensure the robustness of subclone detection
throughout tumour evolution analysis. Last, we included only samples
with high-quality copy-number profiles generated by Battenberg®,
without any involvement of refitting steps, thereby eliminating the
potential somatic copy-number artifacts. We used VerifyBamID2 to
project germline genetic principal components for these samplesinto
the principal component space defined by the 1000 Genome Project
(1IKGR) reference panel (Supplementary Fig. 1). We labelled samples
that clustered with the IKGP EUR sample as European ancestry (n=335);
those that clustered with the 1IKGP EAS sample as East Asian ancestry
(n=185);and those that clustered with the IKGP AFR sample as African
ancestry (n = 6). These analyses included 400 non-smokers and 141
smokers, and 362 female and 180 male individuals.

Identifying genome-wide alterations
The somatic mutation calling was performed using our established
bioinformatics pipeline as previously described™. Our approach
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involved applying four distinct mutation calling algorithms for
tumour-normal paired analysis, including Strelka (v.2.9.10), MuTect,
MuTect2 and TNscope implemented in the Sentieon’s genomics
software (v.202010.01). We used an ensemble method to merge the
results from these different callers followed by additional filtering
to reduce false-positive calling. The final mutation calls for both
single-nucleotide variants (SNVs) and indels were required to meet
the following criteria: (1) read depth >12 in tumour samples and >6
in normal samples; (2) variant allele frequency <0.02 in normal sam-
ples; and (3) overall allele frequency < 0.001 in multiple genetics
databases, including 1000 Genomes (phase 3 v.5), gnomAD exomes
(v.2.1.1)and gnomAD genomes (v.3.0). For indel calling, we retained only
variants identified by at least three algorithms. The IntOGen pipeline
(v.2020.02.0123)%¢, which combines seven state-of-the-art computa-
tional methods, was used with the default parameters to detect signals
of positive selection in the mutational patterns of driver genes across
the cohort. However, additional functional studies are needed to vali-
datethedriver potential of certaingenes, particularly large genes such
asLRPIB.

We used the Battenberg algorithm (v.2.2.9)®* to conduct analy-
ses of SCNAs. Initial SCNA profiles were generated, followed by an
assessment of the clonality of each segment, purity and ploidy. Any
SCNA profile determined to be low-quality after manual inspection
underwent a refitting process. This process required new tumour
purity and ploidy inputs, either estimated by ccube (v.1.0)*” or recal-
culated from local copy-number status. The Battenberg refitting
procedures were iteratively executed until the final SCNA profile was
established and met the criteria of manual validation check. GISTIC
(v.2.0) was used to identify the recurrent copy-number alterations
at the gene level based on the major clonal copy number for each
segmentation. Meerkat (v.0.189)°® and Manta (v.1.6.0)* were applied
with the recommended filtering for identifying structural variants
(SVs), and the union set of these two callers was merged as the final SV
dataset.

Toidentify putative transposable elements (TE), we used a pipeline
called TraFiC-mem (v.1.1.0) (Transposome Finder in Cancer)* retaining
only TEinsertions that passed the default filtering criteria. The source
element of L1 retrotransposition can be classified into two catego-
ries'®?:; germline and somatic source L1 elements. Germline source
L1 elements are identified by unique DNA regions retrotransposed
somatically elsewhere in the cancer genome from a single locus of a
reference full-length L1element or a putative non-reference polymor-
phic L1 element. Somatic source L1 elements are those derived from
the downstreamregion of a putative L1 event present in the tumour
genome but absent in the matched normal genome.

Collectively, we define the overall somatic alterations as the summary
of SNVs, indels, SVs and TE insertions.

Defining driver mutations

To identify driver mutations within the set of identified driver genes,
we implemented a rigorous and multifaceted strategy, considering
multiple criteria: (1) the presence of truncating mutations specifically
in genes annotated as tumour suppressors; (2) the recurrence of mis-
sense mutations inaminimum of 3 samples; (3) mutations designated
as likely drivers with a boostDM score” exceeding 0.5; (4) mutations
categorized as either oncogenic or likely oncogenic based on the cri-
teria established by OncoKB", an expert-guided precision oncology
knowledge base; (5) mutations previously recognized as driversin the
TCGAMC3 drivers paper’?; and (6) missense mutations characterized
aslikely pathogenic in genes that are annotated as tumour suppressors,
asdescribed in AlphaMissense previously”. Any mutation meeting one
or more of these criteria will be recognized as a potential driver muta-
tion. This comprehensive approach ensures athorough and exhaustive
identification of driver mutations within the context of the identified
driver genes.

Timing mutations and copy-number gains
We used the R package MutationTimeR (v.1.00.2) to estimate the timing
of somatic mutations relative to clonal and subclonal copy-number
states and to calculate the relative timing of copy-number gains’. This
analysis used all somatic mutations, including SNVs and indels, along-
side the final copy-number profiles asinput data for the MutationTimeR
algorithm.

MutationTimeR integrates mutation allele frequencies, local
copy-number states and tumour purity to determine whether muta-
tions occurred before or after copy-number gains. The algorithm
identifies whether mutations are present on alleles in chromosome
regions with gains or losses. Using allele-specific copy-number profiles,
it assigns each mutation to a specific copy-number state.

For diploid regions without copy-number gains, MutationTimeR
classifies mutations as clonal if they are present on one copy per cell or
assubclonalif present on fewer than one copy per cell. Inregions with
copy-number gains (for example, biallelic gains), clonal mutations are
further classified into two temporal categories based on their relation-
ship to the copy-number event:

(1) Early clonal mutations: mutations occurring before the copy-number
gainand present onalltumour cell copies (>2 copies per cell). These
mutations are clonal and often represent early driver events.

(2) Late clonal mutations: mutations occurring after the copy-number
gain, present on only one copy per cell.

Using Bayesian inference, MutationTimeR estimates the likelihood of
mutations occurringin the context of specific copy-number changes,
enabling precise temporal classification.

For cancer-driver genes, we calculated the proportion of each muta-
tional clonality category across all samples. Moreover, we aggregated
clonality information for each mutational signature by considering
the probability of each mutation type being assigned to its respective
signature.

Chronological time analysis

To determine the temporal expansion of tumours, we used amethod-
ology of chronological time analysis derived from previous studies™,
including the estimation of the emergence of the MRCA and the tumour
latency between the MRCA and the age at diagnosis (Supplementary
Fig. 8). The approach assumes a constant mutation rate per year, par-
ticularly for CpG>TpG mutations caused by the spontaneous deami-
nation of 5-methylcytosine to thymine at CpG dinucleotides, which
exhibit clock-like behaviour. Insummary, a hierarchical Bayesian linear
regression model was used to establish the relationship between the
age at diagnosis and the scaled number of clock-like CpG>TpG muta-
tions occurringin an NpCpG context (SBS1). Thismodel accounted for
key variables, including tumour ploidy, tumour purity, and subclonal
architecture, as described in the PCAWG evolutionary study’ (https://
github.com/gerstung-lab/PCAWG-11/).

For each tumour, the age at the occurrence of the MRCA was esti-
mated. Given the low mutational burden observed in LCINS, the most
frequentgroupinourcohort,an estimated tumour acceleration rate of
1xwas applied. Tumour latency, representing the time from subclonal
diversification to diagnosis, was calculated as the difference between
the estimated age at the MRCA and the age at tumour diagnosis. An
implicit assumptionis that the latency between the emergence of the
last detectable subclone and the age at diagnosisis relatively short com-
pared to the overall timeline of tumour development. This approach
provides critical insights into the evolutionary dynamics of tumours,
highlighting differences in clonal expansion and subclonal diversifica-
tion across tumour subtypes.

Mutational signature analysis
The detailed methods for the mutational signature analysis have
beenincluded in a separate mutational signature article'. In brief,
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SigProfilerMatrixGenerator™ was used to create the mutational matri-
ces for all types of somatic mutations, including single base substi-
tutions (SBSs), doublet base substitutions (DBSs) and indels (IDs).
De novo mutational signatures for SBSs, DBSs and IDs were extracted
using SigProfilerExtractor” (v.1.1.21) using the default parameters,
normalizationsetto 10,000 mutations and splitting the cohortbetween
smokers, and non-smokers and unknown smoking status, to limit the
effect of hypermutators in the signature extraction process. De novo
signatures were extracted using the SBS-288, DBS-78 and ID-83 muta-
tional contexts, respectively, and later decomposedinto COSMICv.3.4
reference signatures™, based on the GRCh38 reference genome, and
assigned toindividual samples using SigProfilerAssignment”” (v.0.1.0).
Two novel signatures were identified, one smoking-associated SBS
signature, termed SBS100, extracted de novo in the smoker cohort and
presenting similarities to previous signatures reported in Signal’®; and
one ID signature, termed ID24, extracted de novo in the non-smoker
cohortand subsequently used to decompose other de novo extracted
signatures in the smoker cohort.

RNA-seq data analysis

The RNA-seqdatafrom the Sherlock-Lung study were generated at the
Cancer Genomics Research Laboratory (CGRL), Division of Cancer Epi-
demiology and Genetics, National Cancer Institute, using the lllumina
HiSeq platform based on the lllumina TruSeq Stranded Total RNA-seq
protocol, which resulted in the production of 2 x 100 bp paired-end
reads. The RNA-seq data from the TCGA-LUAD study”® were downloaded
fromthe GDC Data Portal®. The FASTQ files were aligned to the human
reference genome GRCh38/hg38 using STAR (v.2.7.3a)%, annotated
using the GENCODE v35 and processed by HTSeq (v.0.11.4)% for gene
quantification. The resulting expression data were corrected for batch
effects using the R package ComBat-seq (v.3.48.0)% and normalized
to counts per million (CPM), followed by log, transformation using
the R package edgeR (v.3.42.4)84. Only ‘expressed’ genes defined by
CPM > 0.linatleast10% quality-control-passed samples were included
inthe final quantification data. Pathway analyses were performed using
Ingenuity Pathway Analysis software and also the traditional gene set
enrichment analysis (GSEA) using the hallmark gene sets from mSigDB
database (https://www.gsea-msigdb.org/)®. The TIMER2.0 web tool®®
was used for immune cell decomposition based on the normalized
gene expression matrix.

Differential expression of KRAB-ZFP targets

For the transcription factor ZNF695, we curated target genes from two
major databases: the TE enrichment KRAB-ZFP database® (KRABo-
pedia: https://tronoapps.epfl.ch/web/krabopedia/) and the IntAct
molecularinteraction database®® (https://www.ebi.ac.uk/intact/home).
Notably, the KRABopedia database indicated that L1 elements are
among the most significantly enriched peaks in ZNF695 chromatin
immunoprecipitation-sequencing experiments. Integration of these
two sources resulted in a collection of 28 potential ZNF695 target genes.
Moreover, we obtained 70 downstream target genes regulated by gen-
eral KRAB-ZFPs from a previous study®. To confirm the link between
ZNF695 expression and ID2 signatures, we examined the association
between ID2 signatures and the transcriptional activity of KRAB-ZFPs,
asindicated by the expression levels of these target genes. Differential
expression analysis was performed using the Wilcoxon rank-sum test
onthe RNA-seq data.

L1RNA quantification frombulk RNA-seq

L1locus-specific RNA expression was quantified using the LIEM soft-
ware®®based on RNA-seq data. LIEM uses the expectation-maximization
algorithm to estimate gene expression specific to L1 loci and to dif-
ferentiate proper L1 expression from passive co-transcription, which
includes L1RNA but does not support retrotransposition. To quantify
intact L1 RNA, we considered full-length L1 loci with no stop codon

presentineither ORF1or ORF2 as expressedif they meet the following
criteria: at least two read pairs per million (FPM) were assigned to that
locus, and less than10% of the RNA assigned to that locus was estimated
to beresult of passive co-transcription. The total expression of intact
L1RNA was estimated by aggregating the FPM values for each locus.

ZNF695 and L1 expressionin scRNA-seq
To investigate ZNF695 expression at the single-cell level, we que-
ried the cellxgene database (https://cellxgene.cziscience.com/
gene-expression), acomprehensive repository of curated single-cell
RNA-seq (scRNA-seq) datasets, to evaluate ZNF695 expression across
diverse cell types from lungtissue studies. Expression data, including
raw and scaled values, were extracted from lung-specific datasets, with
cell types annotated based on the original study metadata.
Moreover, we analysed ZNF695 and L1 expression using our previ-
ously published lung single-cell multiomics dataset*®. Raw sequencing
datain FASTQ format were downloaded from this study to quantify
L1 expression. To improve the accuracy of TE expression profiling,
particularly for L1elements, we applied the Stellarscope pipeline®—a
bioinformatics tool that reassigns multimapped reads to specific TE
loci using an expectation-maximization algorithm. Stellarscope was
runwiththe default parameters to generate a per-cell L1count matrix.
This matrix, along with cell annotations, was processed using standard
scRNA-seqworkflows inSeurat (v.5.0). Normalized L1 expression values
fromspecificloci were aggregated to calculate overall L1 expression per
cell. Cellswere then classified based on detectable ZNF695 expression,
determined from gene expression profiles generated in Seurat. Dif-
ferential L1 expression between ZNF695-positive and ZNF695-negative
cells was evaluated using a Wilcoxon rank-sum test, with statistical
significance defined as P < 0.05.

Genome-wide DNA methylation analysis

Genome-wide DNA methylation was profiled on the Illumina Human-
MethylationEPIC BeadChip (Illumina). Genomic DNA was extracted,
and DNA methylation was measured according to Illumina’s standard
procedure at the Cancer Genomics Research Laboratory (CGRL), Divi-
sion of Cancer Epidemiology and Genetics, National Cancer Institute.
Raw DNA methylation data (.idat files) were generated for our study,
combined with TCGA LUAD”” methylation data collected from the
GDC Data Portal® (Illumina Human Methylation 450k BeadChip) and
processed using RnBeads (v.2.0)°%. Background correction (enmix.
oob) and beta-mixture quantile normalization (BMIQ) were applied.
Unreliable probes (Greedycut algorithm with detection P < 0.05),
cross-reactive probes and probes mapping to sex chromosomes were
removed. Samples with outlier intensities in 450k/EPIC array control
probes were removed from the dataset described in the RnBeads
vignette. Principal component analysis of these samples was performed
based on the genotyping probes and we removed individuals with a
Euclidean distance between matched tumour/normal pair > upper
quartile +3 x IQR.Moreover, we performed Combat batch correction
separately for tumours and normal samples using the sva R package”
on M-values for known technical factors, including studies, collec-
tion sites, sample plates, sample wells, array types (450K and EPIC),
chip ID and positions. We used MBatch (v.2.0; https://github.com/
MD-Anderson-Bioinformatics/BatchEffectsPackage) to assess the pres-
ence of batch effects. The Dispersion Separability Criteria (DSC) values
were <0.5 for all technical factors, suggesting that batch effects were
negligible after batch correction. The corrected methylation-level beta
values were used for downstream association analyses.

Neoantigen analysis

Topredict neoantigens, patient-specific HLA haplotypes wereidentified
using HLA-HD (v.1.2.1)**. The software NetMCHpan4.1® was then runon
9-11neo peptides derived from all nonsynonymous mutations, taking
into account the patient’s specific HLA genotypes. NetMCHpan4.1 was
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included in the NeoPredPipe pipeline (v.1.1)°’. The decomposed muta-
tion probabilities generated by the SigProfilerExtractor were used to
predict the neoantigens derived from specific mutational signatures.
For TCGALUAD data, the predicted SNV neoantigen counts per sample
were collected from a previous publication”. We used the number of
peptides predicted to bind to MHC proteins as the neoantigen load
for our analysis.

Enrichment of ZNF695 motifsin L1

The DMP analysis between tumours exhibiting ID2 signatures and
those without was performed by the Wilcoxon rank-sum testing. We
identified significantly demethylated probes in ID2 positive tumours
withaFDR < 0.05 after multiple-testing correction. Subsequently, the
sequences surrounding the demethylated CpG probes of germline L1
insertions (+1 kb) were extracted and used as input for the transcrip-
tion factor enrichment analysis. This analysis was performed using the
Simple Enrichment Analysis algorithm from the MEME suite (v.5.5.4).
Theinput motifs were selected from the Homo sapiens motif database
(CIS-BP 2.00 Single Species DNA), which includes the transcription
factor ZNF695 motif.

Hypoxia score calculation

Hypoxiascores were calculated using a previously described method®.
Gene markers of hypoxia identified previously®® 2 were synthesized
into one gene list of 286 genes, and 28 genes that were filtered during
the RNA-seq processing pipeline were removed. The median tumour
expression for each gene was calculated, and each tumour was given
gene scores of +1 or -1 based on whether gene expression was above
or below the median for each gene. The total hypoxia score for each
tumour was then calculated from the sum of its gene scores, where
+258 was the most hypoxic score and —258 was the most normoxic.

Replication timing for signature ID2

The replication timing data for two lung cancer cell lines, A549 and
NCI-H460, were obtained fromRepli-Seqassays available in the ENCODE
database (accession IDs: ENCFF454EFB for A549 and ENCFF098QZG
for NCI-H460). For each chromosome, we calculated the median rep-
lication timing using the log,-transformed ratio of early (E) to late (L)
replicating regions. Moreover, we determined the number of ID2 dele-
tions on each chromosome. To investigate the relationship between
replicationtiming and ID2 mutational signature, we performed Pearson
correlation analyses between log,[E/L] and number of ID2 deletions
across all chromosomes.

Targeted bisulfite-seq of LIHS promoter

Sodium bisulfite conversion of DNA samples. The DNA samples from
tumour or normal tissues (29 tumour and normal pairs) were treated
with sodium bisulfite to convert unmethylated cytosines to uracils.
Moreover, 6 standard human DNA samples containing 100% methyl-
ated, 66% methylated (intriplicate), 33% methylated or 0% methylated
human standard DNA from acommercial source (Human Methylated &
Non-methylated DNA Set, Zymo Research) were treated along with the
experimental samples to check the accuracy of the methodindetecting
the percentage of CpG DNA methylation.

Sodium bisulfite treatment was performed on 120 ng of each experi-
mental or standard DNA sample using the EpiTect Fast DNA Bisulfite
kit (Qiagen) according to the manufacturer’s instructions. The reac-
tion was conducted by adding 85 ml of bisulfite solution and 35 ml
of DNA protection buffer to the DNA sample, in a total reaction vol-
ume of 140 ml. The reaction was conducted on an Applied Biosystems
9700 thermal cycler (cycles: 95 °C for 5 min, 60 °C for 20 min, 95 °C for
5min, 60 °C for 20 min and hold at 20 °C). After bisulfite treatment,
the bisulfite-converted DNA was cleaned-up by MiniElute Spin columns
(Qiagen) according to the manufacturer instructions and eluted in
15 ml of buffer EB.

Targeted bisulfite PCR amplification. PCR was performed by prepar-
ing a 60 mlreaction mix containing 6 ml of purified bisulfite-converted
DNA, 0.2 mM (final concentration) ofeachdNTP,1.2 U (0.6 ml) of Phu-
sion U Hot Start DNA Polymerase (Thermo Fisher Scientific), 12 ml of
5x HF Phusion Buffer, 0.5 mM (final concentration) for each of the two
primers (respectively, Chr22_Forw and L1_rev_upper_360). The total
reaction volume of 60 mlwas divided into three vials of approximately
20 mland the PCR reaction was performed on an Applied Biosystems
9700 thermal cycler (cycles: 98 °Cfor1 min 30 s; 42-44 cycles of 98 °C
for30s,59 °Cfor20s, 68 °C for 1 min 30 s; and a final extension at
68 °C for 7 min). The sequence and target specificity of the forward
and reverse primers are listed in Supplementary Table 7.

The PCR-amplified samples were then purified using Magtivio
MagSi-NGSPREP Plus magnetic beads (with bead ratio 1.8x the input
sample volume). After binding the DNA to the beads, the beads were
washed twice with 70% ethanol (500 ml). The purified DNA samples
were eluted in 50 ml of low-EDTA TE buffer (10 mM Tris, 0.1 mM EDTA,
pH 8). Purification was performed in 1.5 ml Eppendorf LoBind tubes.
The size and concentration of the amplicons were checked by auto-
mated electrophoretic analysis on an Agilent Tapestationinstrument,
D1000 ScreenTape Assay.

Targeted bisulfite sequencing (NGS). Approximately 70 ng of PCR
amplified and purified DNA sample was used for next-generation se-
quencing (NGS) library preparation using the lon Plus Fragment Library
Kit (Thermo Fisher Scientific). The manufacturer’s instructions for
the preparation of amplicon libraries were followed. In summary, the
DNA sample was subjected to an end-prep reaction in a total volume
of 50 ml for 25 min at room temperature, then to a cleanup with 1.8x
MagSi beads (as reported above) with final elution in 12.5 ml of IDTE.
Finally, aligation reaction was performed by adding 1 ml of lon Torrent
P1Adapter,1 mloflonXpress Barcode (different for each sample) and
35.5mlof aligation mix (containing 5 ml of 10x ligase buffer,1 mIdNTPs,
1plligase enzyme, 4 mlnick-repair polymerase and 24.5 ml H,0) to the
purified and pre-purified DNA sample (12.5 ml). The reaction was per-
formedin an Applied Biosystems 9700 thermal cycler (hold: 25 °C for
15min,72°Cfor5 min, 4 °Cforuptolh).Afteradapter/indexligation,
thelibrary was purified from the unligated adapters by adouble round
of purification: the first round in MagSi beads 1x (50 ml of sample and
50 ml of beads), two washes in 300 ml 70% ethanol, elution in 50 ml
IDTE; the second purification in SPRI select beads 0.9 (50 ml of DNA
sample + 45 ml of beads), with three washes in 300 ml 70% ethanol,
elutionin20 mllow-EDTA TE buffer.

After checking the size and concentration of each library on the
D1000 HS Screen Tape Assay (Agilent), apool of 455 pM of eachlibrary
was prepared. Thelibrary poolwasthen treated with asemi-nested PCR
assay of few cycles, to produce shorter amplicons and to increase that
target specificity. The PCR reaction was performed by using aforward
primer specific for the target sequence and fused with a lon Torrent
P1adapter (trP1_Alu_Met_Forw_3), and a reverse primer specific for
the external part of the indexed adapter (trA). The sequences of the
forward and reverse primers are reported in Supplementary Table 7.

The reaction was prepared by mixing 76.9 ml of Platinum SuperMix
High Fidelity (Thermo Fisher Scientific), 0.5 mM forward primer and
0.5 mMreverse primer. The final volume of 100 ml was divided into two
tubes (50 mleach) and the reaction was runinthe Applied Biosystems
9700 thermal cycler (hold 95 °C for 5 min, 5cycles of 95 °Cfor15s, 55 °C
for30s,70 °Cfor1minandholdat4 °C.

The reamplified library pool was than purified with 1.5x MagSi beads
(2washeswith 70% ethanol, elutionin13 mllow-EDTA TE). After check-
ing the size and concentration of the reamplified library pool using
the D1000 HS Screen Tape Assay (Agilent), it was diluted to 65 pM for
loading onto the lon Chefinstrument. Template preparation and chip
loading were performed using the reagents included in the lon 510
& Ion 520 & lon 530—Chef Kit and the lon 510 Chip (Thermo Fisher
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Scientific). The chip was loaded onto an lon S5 instrument for NGS
(Thermo Fisher Scientific).

After sequencing (850 run flows) and raw data processing, the
sequences of each sample were mapped to the target region (bisulfite
converted sequence) on the hgl9 human genome sequence.

Validation of L1-1D1/ID2 associations. To further evaluate the as-
sociation between L1 retrotransposition and the ID1/ID2 mutational
signatures, we reanalysed publicly available WGS data from cancer
cell lines reported previously®. This dataset includes WGS profiles of
multiple daughter and granddaughter clones derived from various
cancer celllines, including LUAD, cultured under conditions that allow
the accumulation of mutationsin vitro. Aligned BAM files were down-
loaded from the EGA repository (EGAD00001004203), converted and
lifted over to GRCh38 and processed into analysis-ready CRAM files.
Mutation calling and filtering were performed using the same pipeline
described above for the Sherlock-Lung WGS dataset. Indel mutational
matrices were generated using SigProfilerMatrixGenerator, and ID
signatures were extracted and quantified using SigProfilerExtractor.

Somatic L1 retrotransposition events were obtained from the sup-
plementary materials of the original publication, which identified inser-
tions using the same algorithm TraFiC-mem as our study, restricted to
insertionsacquired during in vitro expansion. To model the relationship
between Llinsertions and mutational signature burden, we applied a
generalized linear mixed model with Poisson regression (R package
Ime4), as described in the original study®. Two models were compared:
anull model excluding L1activity, and an alternative model including
alog-transformed L1 insertion rate as a predictor (Supplementary
Fig.25).Both models adjusted for timein culture and included random
effects for tumour type and experimental replicates. The Wald test
was used to evaluate model fit. Separate association analyses were
performed for ID1, ID2 and combined ID1/ID2 mutation counts.

We also analysed single-cell WGS data fromref. 32, which included
899 clones from normal colorectal epithelium and adenomatous pol-
yps across 28 individuals. For our analysis, we focused on 406 clones
derived from19 donors with colorectal cancer or MUTYH-associated
polyps. Somatic mutation and L1 insertion counts per clone were
obtained from the original study’s processed callsets (Supplementary
Tables). The relationship between the number of L1 insertions and
ID1/ID2 mutations per clone was assessed using Spearman correla-
tion, including stratified analysis of clones from MUTYH-associated
polyps. These analyses were used to test the reproducibility of the
L1-ID1/ID2 association in an independent dataset from a different
tissue context.

Statistical analyses

All statistical analyses were performed using R software (v.4.1.2)
(https://www.r-project.org/). In general, the Mann-Whitney U-test
(Wilcoxonrank-sum test) was used for two-group continuous variables,
andthe two-sided Fisher’s exact tests were applied for the enrichment
analysis of two categorical variables. P < 0.05 was considered to be
statistically significant. If multiple testing was required, we applied
FDR correction based on the Benjamini-Hochberg method. For the
survival analyses, a proportional-hazards model was used to investigate
the associations between the presence of ID2 mutational signature and
overall survival, adjusting for age, sex and tumour stage.

Toassess and account for cohort heterogeneity, we performed uni-
form manifold approximation and projection (UMAP) analysis using
3,491 genomic features, including mutation burden, mutational signa-
tures, driver mutations, copy-number alterations, gene fusions and SVs.
UMAP results showed that samples from different sources were inter-
mixed, with no distinct clustering by site. By contrast, separation by
smoking status was clearly observed, suggesting that biological—rather
than technical—differences drive the main variation. Accordingly, we
included study sites asa covariatein all relevant statistical models and

conducted stratified analyses by ancestry and smoking status to ensure
robustness of key findings across subgroups.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Normal and tumour-paired CRAM files, as well as raw methylation
intensity (IDAT) files for the WGS participants from the Sherlock-Lung
study, have been deposited in dbGaP under accession numbers
phs001697.v2.pl and phs002992.vl.pl. RNA-seq FASTQ files for the
same individuals are available through dbGaP under the accession
number phs002346.v1.pl. The human reference genome (GRCh38)
was obtained from the GATK resource repository (https://github.com/
broadinstitute/gatk/blob/master/src/test/resources/large/Homo_sapi-
ens_assembly38.fasta.gz). Publicly available LUAD multi-omics datasets
can be accessed through dbGaP (accessions phs000178.v9.p8 and
phs000488.v1.pl) and the European Genome-phenome Archive (EGA)
(EGAS00001001757, EGAS00001002801 and EGAS00001003830).
Detailed dataset descriptions and accession information are also pro-
vided in Supplementary Table 1.

Code availability

The WGS bioinformatics pipelines can be accessed at GitHub (https://
github.com/xtmgah/Sherlock-Lung). Battenberg SCNA calling algo-
rithm can be found at GitHub (https://github.com/Wedge-lab/bat-
tenberg). The Dirichlet process-based method for the subclonal
reconstruction of tumours can be found at GitHub (https://github.
com/Wedge-lab/dpclust). The bioinformatic pipeline for identifying
TE insertion is available at GitLab (https://gitlab.com/mobilegenom-
esgroup/TraFiC).
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Extended DataFig.1|Power analysis for detecting a diverse clonal
architecturein1024 LUAD. a, The scatter plotillustrates the relationship
betweenthe number of reads per chromosome copy (NRPCC) and the total
detected single nucleotide variants (SNVs). Our ability to detect subclones
relies not on the number of identified SNVs, but on the number of reads per
tumour chromosomal copy. NRPCC accounts for tumour purity, ploidy, and
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sequencing coverage. b, The minimum cancer cell fraction (CCF) of the
detected clustersin each tumouris plotted against NRPCC. To mitigate biases,
we exclusively considered tumours with NRPCC > 10. In these tumours, our
analysisis sufficiently powered to identify asubclone witha CCF >30%. The
suggested NRPCC threshold is denoted by the dashed line.
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Extended DataFig.2|Overview of the molecular timing distribution of
copy number gains per chromosome. a, Pie charts depict the distribution of
theinferred mutation time for agiven copy number gaininagroup. Green
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the molecular timing of copy number gains on chromosome X versus other
chromosomesin tumours fromthe EU_S group. Two-sided Wilcoxon rank-sum
test p-values are shown above the box plots. All box plots show the median
(centreline), IQR (box), and whiskers extending to 1.5x the IQR by default in
ggplot2. The P-values derived from the two-sided Wilcoxon rank-sum test are
shown above the box plots.
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Extended DataFig. 6 | Association between tumours with mutational
signature ID2 and increased tumour proliferation. a, Ingenuity pathway
analysis (IPA) of differentially expressed genesin tumours with and without
mutational signature ID2. The x-axis represents the Z-score, and the y-axis
indicates the corresponding canonical pathways. Suppressed pathways are
showninblue, while activated pathways are shownin orange. Circle size reflects
thelevel of significance. b-d, Gene set enrichment analysis (GSEA) highlights
key proliferation-related pathways significantly associated with tumours
harbouring mutational signature ID2, including hallmark mitotic spindle (b),
hallmark MYC targets V2 (c), and hallmark G2M checkpoint (d). The normalized

enrichmentscore (NES) and FDR-adjusted q-value are displayed at the bottom
of each GSEA plot. e,f, Enrichment of tumour metastasis in tumours with
mutational signature ID2, stratified by TP53 mutation status. Odds ratios and
p-values from the Fisher’s exact test are shown above the plot. g,h, Comparison
of ID2 deletionburden between tumours with and without metastasis, stratified
by TP53 mutation status (g) or across all tumours (n = 294) (h). Allbox plots show
the median (centreline), IQR (box), and whiskers extending to1.5x the IQR by
defaultinggplot2. The P-values derived from the two-sided Wilcoxon rank-sum
testareshownabove the box plots.
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Extended DataFig.7|Box plotillustrating neoantigen predictions across IQR (box), and whiskers extending to1.5x the IQR by defaultinggplot2.Each
allmutational signatures. Neoantigenburdenis normalized asthe numberof  datapointisshownasanindividualsample.
neoantigens per 1000 mutations. Allbox plots show the median (centre line),



Article

colorectal epithelium

colorectal cancer MUTYH-associated adenomatous polyps in the colon

log2(Number of ID1 and ID2 mutations + 1)

Do ©

Q10)©)8)0) @D

Spearman rho = 0.17; P=0.0006

184

16

Spearman rho = 0.48; P=0.036

Spearman rho = 0.87; P=0.00026

Extended DataFig. 8 | Validation of the associationbetween L1
retrotransposition and mutational signatures ID2 using WGS datafrom
normal and matched colorectal cancer clones®. Scatter plots show Pearson
correlations between the number of somatic Llinsertions and the number of
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ID1/ID2 mutations in normal colorectal epithelium (red), matched colorectal
cancer (blue), and MUTYH-associated adenomatous polyps (orange). Spearman
correlation coefficients (R) and p-values (P) areindicated in the plots. The
fitted regressionline (blue) and 95% confidence intervals (grey) are shown.
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Extended DataFig.9|ZNF695 expressioninsingle cell RNA-seq studies.

a, Identification of lung cell types with detectable ZNF695 expression across
multiple single cell types from RNA-seq datain the CZ CELLXGENE database.
The numbers ontherighty-axisrepresent the number of cells identified from
the single-cell studies. b, Enrichment of ZNF695 expressioninalveolar type 2
proliferating (AT2pro) cells from anormal lung single-nucleus multiome dataset.

Dot plot visualizes the normalized RNA expression of ZNF695 by cell type. The
colour andsize of each dot correspond to the scaled average expression level
and fraction of expressing cells, respectively. ¢, Enrichment of LIRNA expression
incellswith detectable ZNF695 expression. P-values from the Wilcoxon rank-sum
testareshownonthetop of the boxplot.
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Extended DataFig.10|Schematic model of canonical and non-canonical
ZNF695 functioninL1regulation. This schematic, adapted fromref. 49,
illustrates ZNF695-mediated regulation of L1 retrotransposons.Innormal
cells, canonical KZFP transcripts encode proteins withan N-terminal KRAB
domainand a C-terminal zinc finger array. The zinc finger domain binds
transposable elements (TEs), while the KRAB domain recruits aheterochromatin-
inducing complex—including TRIM28 (KAP1), SETDBI, the NuRD complex, HP1,
and DNMTs. This complex mediates H3K9 trimethylation and directs DNMTs to
methylate CpGsitesin L1 promoterregions, repressing L1retrotransposition.
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Intumour cells, however, non-canonical ZNF695 transcripts, lacking the zinc
finger domain, predominate. Thisimpairs TE binding and DNMT recruitment,
leadingto L1promoter hypomethylationand subsequentL1activation. Between
thefirstand second strand synthesis by activated ORF2p (ref. 38), intermediates
may becleaved and integrated into the genome. Coupled with DNA repair
mechanisms, this process may generate single-base-pairindels (e.g.,ID1/ID2).
Thissuggestsadominant-negative effect, where the balance between canonical
and non-canonical transcripts governs L1 methylation status.
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