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Unravelling the origin and evolution of precancerous lesions is crucial for effectively

preventing malignant transformation, yet our current knowledge remains limited*>.
Here we used a base editor-enabled DNA barcoding system* to comprehensively map
single-cell phylogenies in mouse models of intestinal tumorigenesis induced by
inflammation or loss of the Apc gene. Through quantitative analysis of high-resolution
phylogenies including 260,922 single cells from normal, inflamed and neoplastic
intestinal tissues, we identified tens of independent cell lineages undergoing parallel
clonal expansions within each lesion. We also found polyclonal origins of human
sporadic colorectal polyps through bulk whole-exome sequencing and single-gland
whole-genome sequencing. Genomic and clinical data support amodel of polyclonal-
to-monoclonal transition, with monoclonal lesions representing a more advanced
stage. Single-cell RNA sequencing revealed extensive intercellular interactions
inearly polyclonal lesions, but there was significant loss of interactions during
monoclonal transition. Therefore, our data suggest that colorectal precancer is often
founded by many different lineages and highlight their cooperative interactionsin the
earliest stages of cancer formation. These findings provide insights into opportunities
for earlier interventionin colorectal cancer.

Deciphering the cellular origin and evolution that underlie the initial
phases of cancer formation is crucial for efficient early screening and
intervention' >, Nevertheless, precancerous stages often span several
years, remaining occult for much of that time**. Thisinherent complex-
ity poses aformidable challenge for accurately identifying the earliest
eventsin tumour initiation.

Colorectal cancer (CRC) is the third most prevalent cancer glob-
ally and the second leading cause of cancer-related deaths®. The
well-established adenoma-carcinoma sequence characterizes the
development of CRC, providing anideal model to investigate early
events in precancerous stages’. Cancer genomic sequencing typically
unveils asingle founding clone inamalignant tumour®. However, clonal-
ity analysis using somatic markersindicates that premalignant adeno-
mas’® or even malignant CRCs' can have polyclonal origins, wherein
multiple distinct lineages expand concurrently within the same lesion.
Despite these insights, our understanding of the origin and evolution-
ary dynamicsinthe earliest stages of lesion formation remains limited.

Prospective lineage tracing using evolving DNA barcodes has revo-
lutionized our approachesto recording cell lineagesin unprecedented
resolutionand high throughput" ™. In this study, we harnessed a base
editor-based lineage tracing technique, substitution mutation-aided
lineage-tracing* (SMALT), to systematically map the origin and evolu-
tion ofintestinal precancers in mouse models at single-cell resolution.
Through integrated analyses of single-cell phylogenies (n =260,922
single cells from 112 normal and neoplastic samples), single-cell RNA
sequencing (scRNA-seq, n =43,001 single cells from 9 neoplastic
samples) and a comprehensive cohort of humans with sporadic pre-
malignant polyps (whole-exome sequencing (WES) for n =107 colo-
rectal polyp/CRC pairs, whole-genome sequencing (WGS) for n =29
single glands from 5 colorectal polyps), we identified a common
polyclonal-to-monoclonal trajectory in intestinal tumorigenesis in
mouse and human. Additionally, our investigation revealed extensive
intercellular interactions in early polyclonal lesions, highlighting the
intercellular cooperation in early tumorigenesis.
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Fig.1|SMALT lineage tracing of mouse intestinal tumorigenesis.

a, Schematic ofthe SMALT lineage tracing system. b, Intestinal tumorigenesis
with AOM/DSS or Apc"™* mice carrying the engineered SMALT system in the
germline. Normal and neoplastic samples were collected for long-read
sequencing of lineage barcodes (barcode-seq), WGS and scRNA-seq. WT, wild
type.c, Therelative proportions of distinct substitution typesinbarcodes
acrossallsamples. Apc_N, normal smallintestinein Apc™* mice; Apc_P, polyps
inApc"”""/+ mice; IBD_N, normaltissue in AOM/DSS mice; IBD_T, neoplasmsin
AOM/DSS mice; WT_N, wild-type normal colon. d, Per site mutation frequency
onbarcodesacrossallsamples. e, Correlation of per site mutation frequency

SMALT lineage tracing and mouse models

The SMALT lineage tracing system consists of three key components*:
HsAID, iScel (an inactive variant of the homing nuclease I-Scel) and
a 3-kb DNA barcode (Fig. 1a). HsAID is an optimized Homo sapiens
activation-induced cytidine deaminase with 10 amino acid substitu-
tionsrelative to the wild type, which induces cytosine (C)-to-thymine
(T) mutations around 30-fold more rapidly than the wild type*. Notably,
the deaminated C (uracil (U)) can be converted to T only after DNA
replication, which means that the number of C-to-T barcode mutations
measures the relative number of cell divisions. HsAID is fused to iScel,
which binds specifically to an 18-bp DNA motif, and thereby guides
HsAID to target regions within the barcode (Fig.1a and Extended Data
Fig.1a,b). The expression of HsAID-iScel is induced by doxycycline.
Weinducedintestinal neoplasms based on two classic mouse models,
azoxymethane (AOM)/dextran sodium sulfate (DSS) and Apc™™*, in the
SMALT mice (C57BL/6 ) background), (Extended Data Fig. 1c-e and
Methods). The AOM/DSS model is widely used to study CRC induced
by inflammatory bowel disease (IBD) such as Crohn’s disease or ulcer-
ative colitis’. Histopathological examination indicated that many
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between mouse and fruit fly. Pearson’s rand Pvalue are shown. f, Violin plot
showing the number of barcode mutations per cellin different tissues. The
mean number of mutations and the number of cells are shown. Pvalues are
by two-sided Wilcoxon rank-sumtest. g, The proportion of unique barcode
alleles and the number of cells with the unique barcode inWT_N (n=4), Apc_N
(n=4),IBD_N(n=19), Apc_P (n=21)and IBD_T (n=30), respectively. Dataare
mean +s.e.m.h, The proportion of uniquebarcode alleles and the number

of samples with the unique barcode. Inbox plots, the horizontal lineis the
median, the box delineates the 25th to 75th centiles, and whiskers extend to
1.5timestheinterquartile range.

neoplasmsinduced fromastandard protocol were adenocarcinomas
(Supplementary Figs. 1-3). However, WGS demonstrated that these
had stable chromosomal karyotypes, with few instances of aneuploidy
or copy number alterations (Supplementary Fig. 4). Therefore, AOM/
DSS tumours resemble early-stage neoplasms in human CRCs. Apc™™*
mice spontaneously develop multiple intestinal neoplasms owing to
theloss of Apc, and are agood animal model for APC-driven intestinal
tumorigenesis such as human familial adenomatous polyposis (FAP).
WGS showed that the polyps that developed in Apc™™* mice lacked
chromosomal aberrations, showing that they also represent an early
stage in tumorigenesis (Supplementary Fig. 4).

We performed targeted barcode sequencing for n=30 AOM/DSS neo-
plasms (designated IBD_T),17 Apc™* polyps (Apc_P), 26 samples from
healthy colon, inflamed colon or Apc"™* small intestine, and 18 samples
from 6 unaffected organsin3 SMALT mice. We also performed WGS for
n=111BD_T samples and 4 Apc_P samples with matched healthy sam-
ples and scRNA-seq for n =9 IBD_T samples (Supplementary Table 1).
These comprehensive multiomics datasets allowed us to systematically
delineate the single-cell phylogenies and genomic and microenviron-
mentallandscapesin early stages of colorectal tumorigenesis (Fig. 1b).



High diversity of SMALT barcodes

We used high-fidelity PacBio long-read sequencing to recover the full
length of the target 3-kb barcode through a unique molecularidentifier
(UMI)-based library preparation protocol (Supplementary Fig. 5). Since
each cell contains only one copy of the 3-kb barcode in its genome, a
PacBio consensus read represents asingle cell, despite the library being
prepared with bulk samples. Barcode mutations were detected using
anin-house bioinformatics pipeline with sophisticated UMI correction
and artefact filtering (Supplementary Fig. 6 and Methods).

Asexpected, more than 90% of mutations were indeed C/G-to-T/A, fol-
lowed by C/G-to-G/C (5.78%) and others (3.02%) (Fig. 1c). Mutations were
widely distributed across the entire 3-kb barcode (Fig.1d), withincreased
mutation rates downstream of iScel-binding motifs (Supplementary
Fig.7a). Of note, anaverage of 836 mutated sites (95% confidence inter-
val, 752-920; Supplementary Fig. 7b) were observed across all cells in
one sample, far surpassing the number that can be detected by CRISPR-
Cas9 lineage tracing methods (typically 10-60 mutable sites)™'>*, Of
note, the per site mutation rate in our mouse data correlated well with
the rate detected in Drosophila embryos* (Fig. 1e). Moreover, analysis
ofthe mutational frequencies in normal cells identified 14 hotspot sites
(Supplementary Fig. 7c). The somatic mutational spectrum in exonic
regions of our AOM/DSS neoplasms from SMALT mice was highly similar
to that observed in the SMALT-free AOM/DSS neoplasms (Supplemen-
tary Fig. 8), indicating minimal off-target editing.

Normal cells from lesion-adjacent tissues (Fig. 1f) or other organs
(such as blood, liver and lung; Supplementary Fig. 9) exhibited lower
barcode mutation counts than neoplastic cells. This was also true for
CD45" tumour-infiltrating immune cells (Extended Data Fig. 2a,b and
Supplementary Fig.10). These findings indicate that neoplastic cells can
be effectively separated from normal cells on the basis of barcode muta-
tionburden (Extended DataFig. 2c, Supplementary Fig. 11and Methods).
After filtering, we observed an average of 4.16 to 34.58 barcode muta-
tions per cell across different sample types (Fig. 1fand Supplementary
Table2). Notably, inboth normal and tumour samples, approximately
90% of cells exhibited a unique combination of mutations, indicating
extremely high diversity of the SMALT lineage barcodes (Fig. 1g,h).
Together, these datademonstrated highinvivo mutagenesis activity and
high lineage barcoding capacity of the SMALT lineage tracing system.

Of note, AOM/DSS lesions (IBD_T) showed significantly higher muta-
tion burdens than Apc™™* lesions (Apc_P) (Fig. 1f), despite a similar
sampling time (around 30 weeks postnatal). We observed a 2.8-fold
increaseinbarcode mutation burdeninneoplastic cells versus normal
cells in the Apc™* model, and a 4.3-fold increase over normal cellsin
the AOM/DSS model (Fig. 1f). CRC cells have been estimated to undergo
around two times as many mitoses as adjacent normal cells”. Thus, we
estimate the mutation rate per cell division in neoplastic cells to be
approximately 1.4-fold higher than normal cells in the Apc™* model
and 2.15-fold higher than normal cells in the AOM/DSS model. The
greater increase of mutation ratein AOM/DSS lesions is probably owing
to AOMbeing amutagen that also induces C/G>T/A transitions, as HSAID
doesinthe SMALT system.

The origin ofinflammation-driven lesions

The origin of a tumour, whether it derives from a single progenitor
(monoclonal origin) or from multiple different progenitors (polyclonal
origin, also called multi-ancestral origin®®), is a fundamental question
in cancer research. Although previous studies have shown that both
scenarios can occur in colorectal precancerous lesions® 2, their preva-
lence, temporal dynamics and mechanisms remain largely unknown.
We used the highly diverse SMALT barcodes to reconstruct single-cell
phylogenies for 30 AOM/DSS neoplasms along with their adjacent nor-
mal cells (Methods), each including 375 to 9,180 (mean = 3,141) single
cells per sample (Fig. 2a,b and Extended Data Fig. 3). Bootstrapping

analysis demonstrated the high robustness of phylogenetic recon-
struction (bootstrapping confidence >85%; Fig. 2c). Compared with
CRISPR-Cas9-based lineage trees®™, our SMALT trees exhibited 3.3
times moreinternal branching events, indicating the superior resolu-
tion of SMALT for phylogenetic mapping (Fig. 2d).

Monoclonality was characterized by the presence of a single domi-
nant monophyletic clade of neoplastic cells (Fig. 2a and Extended
DataFig.3) withshared clonal mutations (Supplementary Fig.12aand
Methods). Conversely, polyclonality was identified when neoplastic
cellswere dispersed into multiple phylogenetic clades and intermixed
with normal cells (Fig. 2b and Extended Data Fig. 3), with no clonal
mutations observed (Supplementary Fig. 12b). We found that the
majority (66.7% (20 out of 30)) of AOM/DSS neoplasms were poly-
clonal (Extended DataFig.3). This indicates that parallel expansions of
multiple distinct cell lineages in the same physical niche are common
ininflammation-driven intestinal tumorigenesis.

The number of founding progenitors

The high-resolution single-cell phylogenies enabled us to quantify the
number of progenitors that founded each neoplasm (denoted as Np)
using targeting coalescent analysis®? (TarCA) (Methods). In this method,
aprogenitorisdefined as an ancestral cell thatis capable of founding a
clonally expanding populationinthelesion (Fig. 2e and Supplementary
Fig.13), regardless of the underlying mechanisms of clonal expansions.
As expected, Np was estimated to be approximately 1 for each of the
monoclonallesions (Fig. 2e). For polyclonallesions, Np varied from2to
33,and these estimates were robust to downsampling of cells (Fig. 2e)
and hotspot mutation events (Supplementary Fig. 13b). Because many
founding lineages may be lost during growth owing to random drift and
competition, the actual number of progenitors is likely to be higher
than our estimates. This suggests that the early tumorigenesis s likely
to be driven by multiple independent progenitors.

Monoclonallesions exhibited significantly more barcode mutations
than polyclonal ones (Fig. 2f). Because the AID-induced C-to-T muta-
tions only occur after DNA replication, this suggests that a monoclo-
nallesion has, on average, undergone more cell divisions. In line with
this, WGS also revealed a significantly higher genome-wide mutation
burdenin monoclonallesions compared to polyclonal lesions (Fig.2g
and Supplementary Table 3). Crucially, putative driver mutations were
also more commoninmonoclonallesions (Fig.2h). These datatogether
suggest that monoclonallesions may represent amore advanced stage
of the colorectal tumorigenesis (Fig. 2e).

Clonal expansion and selection

To quantify clonal expansionin tissues, we defined a clonal expansion
score that measures the phylogenetic similarity of two random cells
(Supplementary Fig. 14a and Methods). As expected, normal colon
epithelium had alow level of clonal expansions. Of note, inflamed
colons exhibited greater clonal expansion than wild-type normal colons
(Fig. 2i,jand Supplementary Fig.14b). These mouse data substantiated
earlier observations of significant clonal expansionsininflamed colon
of patients with IBD*. Monoclonal lesions showed greater expansion
than polyclonallesionsin the mice (Fig. 2i), and a metric of proliferative
fitness showed the same trend (Fig. 2k). Additionally, among putative
driver genesinthe WGS data, monoclonallesions showed anincreased
ratio of nonsynonymous to synonymous mutation rates** (dN/dS ratio)
compared with polyclonallesions, especially for nonsense and splicing
mutations (Supplementary Fig. 14c). Thisindicates that there is strin-
gent selection during somatic evolution towards monoclonal transi-
tion. Spatial computational inference based on agent-based tumour
simulations and approximate Bayesian computation® (Supplementary
Fig.15) revealed that the monoclonal AOM/DSS tumours (10 out of
30) also underwent strong subclonal selection even after monoclonal
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Fig.2|Single-cell phylogenies reveal the origin ofinflammation-driven
neoplasms. a,b, Single-cell phylogeny (left) and corresponding barcode
mutations (right) for arepresentative monoclonal lesion (a; lesion IBD4_T)
and arepresentative polyclonal lesion (b; lesion IBD50_T). ¢, Bootstrapping
values of the phylogenetic tree for IBD4_T (top) and IBD50_T (bottom).d, The
branchingindex of SMALT trees in this study (n =77) compared with CRISPR-
Cas9lineage trees from two previous studies (ref. 12, n = 4; and ref. 14, n = 85).
e, Thenumber of founding progenitors (Np) estimated from single-cell
phylogeny. For each lesion, Np was estimated 20 times using downsampled

transition (selection coefficient (s) = 0.57-0.87, Supplementary Fig. 16).
Inaddition, theinference by approximate Bayesian computation esti-
mated the barcode mutation rate (u) in these inflammation-driven
neoplasmstobe 0.12-0.55 per cell division in the entire 3-kb barcode.

Polyclonal origin of lesions in Apc™™* mice

We next applied SMALT to Apc™™* mice. We sampled multiple polyps
from each of four Apc”™* mice (Extended Data Figs. 1e and 4a). The
integrated single-cell phylogenies (Supplementary Fig. 17a,b) with
multiple polyps from each mouse exhibited highly intermixed line-
agerelationships, indicating that the phylogenies could not separate
individual polyps. Despite the overall low genetic similarities among
cellsbothwithin and between polyps (Supplementary Fig.17c,d), cells

4 | Nature | www.nature.com

cells. f, The barcode mutation count per cellin monoclonal (n =22,766 cells)
versus polyclonal (n=20,882cells) lesions. g,h, Total somatic mutation
burden (g) or putative driver mutation burden (h) in WGS data of monoclonal
(n=7)versus polyclonal (n=9) lesions. i, Clonal expansion scores calculated
using 1,000 downsampled cell pairs ranked by the median clonal expansion
scores withineachsample type. j, Arepresentative single-cell phylogeny for
inflamed normal colon. Lineages exhibiting clonal expansions are highlighted
in colour.k, Single-cell fitness scores in monoclonal versus polyclonal lesions.
d,f-h, Pvalues by two-sided Wilcoxon rank-sum test.

with ahighbarcode mutation burden (>20) showed higher intra-polyp
similarity relative to inter-polyp similarity (Supplementary Fig.17e-h).
These datareveal high genetic diversity withina polyp, with evidence
of clonal expansions in some lineages.

Of note, all individual polyps (n =17) exhibited polyclonal origins
(Extended Data Fig. 4a). Two regions (P5-1 and P5-5) located at the
head and tail of abar-shaped polyp underwent stronger butindepend-
ent clonal expansions, as indicated by their monophyletic subtrees
(Extended Data Fig. 4b,c), the mutational cellular frequencies in the
single cells (Extended Data Fig. 4d) and their higher proliferative fitness
(Extended DataFig.4e). The number of founding progenitors for each
polyp was estimated to range from 4 to approximately 100 (Extended
DataFig. 5), indicating even higher polyclonality than that in AOM/
DSS-induced lesions.
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mutationburdeninP_poly (n=30),P_mono (n=72) or CRCs (n = 86) after
removing samples with low purity (<0.25).d, Distribution of small (<1cm) and
large (=1cm) polyps. e, Distribution of low-grade and high-grade dysplasias.
f,Representative images of haematoxylin and eosin (H&E) staining. Scale bar,
100 um. g, Age distribution of participants. h, Percentage of patients carrying
indicated putative driver mutations. *P<0.05,**P< 0.01, ***P< 0.001, one-sided

We developed a method to estimate the timing of progenitors,
which represents the start of clonal expansions for polyp initiation
(Extended DataFig. 5 and Supplementary Notes). The average timing
of progenitors ranged from 59 to 130 (mean = 95) postnatal days for
mouse Apc68 and 14 to 70 (mean = 47) postnatal days for mouse Apc72
(Extended Data Fig. 5g). Given that epithelial cells in mouse intestine
divide approximately 1.5 times every day®®, we were able to estimate
the number of cell divisions at the time of polyp initiation, which
was 88-196 (mean = 142) postnatal divisions for Apc68 and 21-105
(mean = 70) postnatal divisions for Apc72 (Supplementary Fig. 18).
Furthermore, given that the cell cycle time of human colonic epithelial
cellsis approximately 5 days?, these numbers of cell divisions (21-196
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Fisher’s exact test. Highlighted genes have Benjamini-Hochberg FDR < 0.1.

i, The CCFs of putative driver genes. j, Schematic of polyclonal-to-monoclonal
transitionin the somatic evolution of premalignant polyp and its subsequent
malignant transformation. k, Schematic of WGS of single glands from five
premalignant polyps (P1-P4 and P6) in a patient with sporadic polyps (B139).
N, normaltissue; R, regions within polyps.1, Images of individually isolated
glands. m, Integrated phylogenetic treeincluding 3 normal glandsand 29
neoplastic glands from 5 polyps. Putative driver mutations shared by multiple
glandsare labelled. Pvalues by two-sided Wilcoxon rank-sum test (c,g) or
Fisher’s exacttest (d,e). Graphicsina,kadapted from Servier Medical Art
(CCBY 4.0).

divisions in two mice) roughly corresponded to ages of 105-980 days
(0.3-2.7 years) for human patients with FAP. Therefore, our timing
analysis suggests that neoplasticinitiationin patients with FAP is likely
tooccur as early asininfancy.

Origin and evolution of human colorectal polyps

We also collected WES (mean depth >200x) data for a cohort of 107
treatment-naive patients with sporadic premalignant polyps and syn-
chronous CRCs (Fig. 3a, Supplementary Table 4 and Methods). Somatic
single nucleotide variants (SSNVs), short insertion-deletions (indels)
and somatic copy number alterations (SCNAs) were detected, and the
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mutational cancer cell fractions (CCFs) were estimated by correcting
the variant allele frequency (VAF) for tumour purity, ploidy and copy
number variations®?® (Supplementary Fig. 19, Supplementary Tables 5
and 6 and Methods).

Monoclonality or polyclonality of each lesion can be inferred by
determining whether clonal SSNVs (those with CCF values of around 1)
are present or absent (Fig. 3b). Here, 5 polyps and 21 tumour samples
were removed in this analysis owing to low purity (<0.25). We found
that polyclonality was more commonin polyps (29.4% (30 out 0f 102))
thanin CRCs (8.1% (7 out of 86)) (Fig. 3b and Supplementary Figs. 20
and 21). Fewer SSNVs and SCNAs were observed in polyclonal polyps
thanin monoclonal polyps, both of which exhibited lower mutational
burdens than CRCs (Fig. 3c, Extended Data Fig. 6 and Supplementary
Fig. 22). Notably, polyclonal polyps were relatively smaller in size
(Fig.3d) and more commonly exhibited low-grade dysplasia according
to their pathological features (Fig. 3e,f and Methods). Furthermore,
patients with polyclonal polyps were younger at the time of diagnosis
(mean age = 60) than patients with monoclonal polyps (mean age = 66)
(Fig.3g). Asallsamples were from treatment-naive patients, our results
were not affected by treatment. Together, these findings support
the notion that monoclonality signifies a more advanced stage of
colorectal tumorigenesis, aligning with observations from lineage
tracing studies in mouse models (Fig. 2e-h).

In our human cohort (Fig. 3a), the driver genes TP53 (77.2% versus
12.7%), KRAS (40.5% versus 26.5%), PIK3CA (16.5% versus 1%), FBXW7
(31.6% versus 13.7%) and SMAD4 (11.4% versus 1%) were more commonly
mutated in CRCs thanin polyps (Fig. 3h and Supplementary Table 7).
Of note, KRAS was frequently mutated in monoclonal polyps (34.7%)
and CRCs (40.5%), but seldom mutated in polyclonal polyps (6.7%), sug-
gesting that KRAS mutations confer a selective advantage for the clonal
outgrowth and might be conducive for polyclonal-to-monoclonal tran-
sition. Asexpected, lower clonality of driver mutations was observedin
polyclonal polyps compared with monoclonal polyps and CRCs (Fig. 3i).

We also found that BCL9L, SOX9, TCF7L2 and CTNNBI were more
frequently mutated in polyps than in CRCs (Fig. 3h). Notably, SOX9
has also been found to be more frequently mutated in gastric intes-
tinal metaplasia than in malignant gastric cancer®, indicating SOX9
mutation is preferentially selected at premalignant stage. Loss of
BCL9 or BCLYL has been found to suppress tumorigenesis, possibly
owingtoashiftinthe gene expression of APC-mutant adenomas from
stem cell-like towards differentiated’. These findings suggest that
the drivers of clonal expansion in precancerous stages might poten-
tially impede malignant transformation, although the underlying
mechanisms remain unclear. Finally, the overall selective strength
for driver mutations, measured by dN/dS* (Methods), was higher in
monoclonal polyps thanin polyclonal polyps (Supplementary Fig. 23).
Collectively, our genomic analysis of human premalignant polyps and
malignant CRCs validates the findings observed in mouse models, in
whichearly tumorigenesis in precancerous stages follows a trajectory
of polyclonal-to-monoclonal transition (Fig. 3j).

Polyclonal origin validated by single-gland WGS

To take the advantage of glandular structures in colorectal lesions,
as each of which represents a clonal cell population®~?, we collected
an additional patient with sporadic premalignant polyps (B139, male,
73 years old) and performed WGS (mean depth approximately 21x)
for 29 neoplastic glands isolated from 5 separate polyps (4-8 single
glands each) and 3 adjacent normal crypts (Fig. 3k,I, Supplementary
Tables 4 and 8 and Methods). The SSNV burden in neoplastic glands
was approximately twice than that in normal crypts (Extended Data
Fig.7).Phylogenetic analysis revealed that only two polyps (P3 and P6)
contained asignificant number of SSNVs and driver mutations (CTNNBI1
inP3 and APCin P6) in the trunk, indicating their monoclonal origin
independently (Fig. 3m). However, in the other three polyps (P1, P2
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and P4), the most recent common ancestor of glands from each polyp
was near the phylogenetic root (Fig. 3m). Notably, no putative driver
mutations were observedinthe trunk, indicating the polyclonal origins
of eachlesion. Partially shared driver mutations were observedintwo
polyclonal polyps: P1 (FAT3in 2 out of 8 glands) and P4 (JAK1in 2 out
of 4 glands), suggesting greater clonal expansion of certain lineages
withinapolyclonallesion. Therefore, our single-gland genomic analysis
clearly confirmed that polyclonal origins are also common in human
sporadic premalignant polyps. Furthermore, given that 62% (18 out of
29) of the neoplastic glands exhibited non-APC driver mutations (for
example, CTNNBI, JAK1 or FAT3), the very early driver of clonal expan-
sion in many human sporadic polypsis not APC.

Evolution of cell states and interactions

To further dissect the temporal cell-state dynamics and intercellular
interactions that might underlie the polyclonal-to-monoclonal transi-
tion, we performed scRNA-seq for 9 AOM/DSS colorectal neoplasms
whose SMALT barcodes had beensequenced (Supplementary Table1).

Intotal, we obtained 45,620 high-quality cells, including 2,619 addi-
tional normal colon cells froma previous study® that we integrated to
the current dataset. Eight main cell types were identified (Extended
Data Fig. 8a-c, Supplementary Fig. 24a and Supplementary Tables 9
and10). We observed marked increases of macrophage, neutrophil and
endothelial cells and decreases of neoplastic epithelial cells as lesion
clonality increased (Extended Data Fig. 8d,e). Here the clonality of a
lesionwas measured as 1/Np (Fig. 2e). Notably, epithelial cells and mac-
rophages exhibited the highest transcriptomic diversity, which could
be further classified into 10 and 7 fine-tuned subclusters, respectively
(Fig. 4a, Extended Data Fig. 8f, Supplementary Fig. 24b and Supplemen-
tary Tables11and 12). Differential abundance analysis revealed substan-
tial depletion of goblet and ‘stem-like’ epithelial cells and enrichment of
Trem2' and Chil3" macrophages with increasing lesion clonality (Fig. 4b
and Supplementary Fig. 24c,d). Supporting the notion that monoclo-
nality represents a more advanced stage, we found that neoplastic
epithelial cells in high-clonality lesions (Np < 3) exhibited upregulation
of cancer-associated molecular hallmarks, including those associated
with MYCtargets V1and V2, KRAS signalling, epithelial-mesenchymal
transition and inflammatory response (Extended Data Fig. 8g). Fur-
ther, according to the unifying nomenclature of tumour-associated
macrophages (TAMs) based on single-cell transcriptomics®, Trem2"
macrophages were highly overlapped with lipid-associated TAMs
(LA_TAMs) and immune regulatory TAMs (Reg_TAMs) (Fig. 4c, Sup-
plementary Fig. 25 and Supplementary Tables 13 and 14), which have
animmunosuppressive role in tumour microenvironments®**. Our
data thus suggested that animmune-suppressive microenvironment
potentially contributes to the monoclonal transition.

Cell-cell communication analysis based on ligand-receptor interac-
tions using CellChat* revealed amarked elevation of ligand-receptor
interactions between epithelial subtypes in early polyclonal lesions
relative to normal colons and late monoclonal lesions (Fig. 4d,e and
Supplementary Fig. 26). By comparing ligand-receptor interactions
among neoplastic cellsin early lesions to those in late lesions, we identi-
fied 14 ligand-receptor interactions that were significantly enriched
(FDR < 0.05) in early polyclonal lesions (Fig. 4f, Extended Data Fig. 9,
Supplementary Fig.27 and Supplementary Table 15). Genes from 13 out
of14 ligand-receptorinteractions were involved in extracellular matrix
(ECM) organization and celladhesion, 11 of which represented epithe-
lial cell-derived components of the basement membrane, laminins®,
and their receptors. These results were validated using an orthogonal
method of cell-cell communication analysis (Supplementary Fig. 28
and Methods). Notably, about 40% of the ligand-receptor interac-
tions that were enriched in early lesions were contributed by Krt20*
neoplastic cells (Extended Data Fig. 10a,b). In addition to the overex-
pression of ECM genes, Krt20" neoplastic cells also exhibited strong
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pro-inflammatory characteristics, such as the production of interleu-
kins IL-1,IL-6, IL-8 and IL-13, response to IFNf3, and antigen processing
and presentation. (Extended Data Fig.10c). In summary, these results

and the average number of ligand-receptor interactions. Spearman’s p and
Pvalueareshown.f, Atotal of 14 ligand-receptor interactions significantly
enriched (FDR < 0.05) inthe early polyclonal lesions (Np > 3) relative to late
lesions (Np < 3) belongto 4 pathways: laminin, desmocolin (DSC), CDH1

and SEMA4.Dataare mean ts.e.m. g, Schematic of polyclonal origins and
monoclonal transitionin early intestinal tumorigenesis. Each precancerous
lesionis founded by many lineages undergoing parallel clonal expansions and
stronginter-clonalinteractions. The gradualloss of inter-clonalinteractions
and microenvironmental changes might facilitate subsequent polyclonal-to-
monoclonal transition. Subclonal selection remains stringent after monoclonal
transition, where malignant transformation requires a further clonal sweep.

strongly suggest that extensive intercellular interactions, probably via
ECM organization and celladhesion, occur early ininflammation-driven
intestinal tumorigenesis. Future studies are warranted to elucidate how
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theseintercellularinteractions promote neoplastic growth at the early
stage of intestinal tumorigenesis.

Discussion

Polyclonal origins of premalignant lesions have been recognized in
many tissues’. However, the molecular and evolutionary mechanisms
that underlie this cryptic process are still unknown (Fig. 4g). Here our
systematic single-cell phylogenetic mappingindicated that each colo-
rectal lesion was typically initiated by several to tens of distinct clonally
expanding lineages (Fig.4g). This prompts a crucial question—whether
polyclonalinitiationinvolves positive inter-clonal interactions, such as
clonal cooperation®**° that facilitate the overall neoplastic growth.
The remarkably high number of initiating clones in our data supports
therecruitment modelinvolving short-range interactions* (Extended
Data Fig. 10d), because random collisions by vast numbers of clones
inthe same physical location is statistically implausible. Our genome
analysis of individual premalignant colorectal glands demonstrated
that many neoplastic cells do not have canonical driver mutations (such
asAPCor KRAS). This suggests that these cells might be influenced or
recruited by neighbouring clones with driver gene mutations. Support-
ing this hypothesis, Reeves et al.* demonstrated that a Hras-mutant
initiating clone can recruit neighbouring wild-type epithelial cells
during the development of squamous carcinoma. The recruitment
might be selectively favoured as it can alleviate the documented
growth barrier of small populations, known as the Allee effect*2. Our
scRNA-seq datarevealed increased intercellular communications in
early inflammation-driven polyclonallesions, probably viamechanisms
of ECM organization and cell adhesion. Together, our study underscores
the crucialrole of intercellular interactions and communicationsin the
initiating phase of tumorigenesis.

Collectively, our study has constructed acomprehensive lineage map
for early colorectal tumorigenesis, providing a conceptual framework
for understanding the origin and evolution of tumour initiation. The
insights provided here are pivotal for developing intervention strategies
to prevent tumour formation by targeting intercellular interactions.
Future research should focus on unravelling the molecular crosstalk
within the microenvironment of these interactions by linking cell states
(for example, using single-cell multiomics) and lineage informationin
the same cells®. Additionally, efforts are needed to formulate a predic-
tive model that can forecast cancer risk based on the molecular and
evolutionary features of premalignant lesions***,
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Methods

Animal models and experiments

The SMALT lineage tracer cassettes were engineered into amale mouse
embryonic stem cell line derived from C57BL/6 J background and
SMALT mouse was established. Rosa26"™ and Apc"™* mice were pur-
chased from Saiye (Guangzhou) Biological Technology. All mice were
genotyped by PCR. Allmouse breeding and experiments described in
this study were approved by Institutional Animal Care and Use Com-
mittee (IACUC) of Shenzhen Institute of Advanced Technology, Chinese
Academy of Sciences (protocols SIAT-IACUC-201207-HCS-HZ-A1491
and SIAT-IACUC-221111-HCS-LZL-A2218).

All mice were housed in specific pathogen-free (SPF) environ-
ments, with ad libitum access to food and water. The AOM/DSS
inflammation-driven tumour was induced in transgenic male mice
(Rosa26™;HII*™T) by feeding AOM and DSS in combination. In par-
ticular, all mice were hybrid from Rosa26"™™ and HII"'T, with age at
6-8 weeks and body weight ranged 18-20 g. Mouse food containing
5mg per day doxycycline were fed to all mice three days before experi-
mental starting points. Two mice were randomly selected as control
without any further treatment, and 16 mice received asingle intraperi-
toneal injection of AOM (Sigma-Aldrich) witha dose of 12.5 mg kg body
weight. Three days later, the treated mice were given three cycles of
2% DSS (MP Biomedicals) treatment. Each cycle lasts for three weeks,
with DSS-dissolved water for 7 days and tap water for 14 days. Dur-
ing each cycle, bottles were emptied on day 3 and day 5, and filled
with fresh DSS-dissolved water. The Apc"™* male mice mated with
Rosa26™™:HII*"* female mice and generated Rosa26™™;HI1ISYT: ApcMin
males for Apc-driven polyp model establishment. Female mice
(Rosa26™™;H11*"7) have been fed with 5 mg/day doxycycline for three
daysbefore mating. During the model establishment, body weight and
bloody diarrhoea were tracked and recorded weekly.

Cellsorting

Cellswere washed and resuspended in PBS. Inthe final wash, cells were
resuspended in MojoSort buffer and adjusted the concentration no
morethan1x 108 cells per ml. Ten microlitres of MojoSort mouse CD45
nanobeads (Biolegend, 480118, Biolegend) were mixed well with cells
andincubated onice for 15 min. After wash cells with MojoSort Buffer,
the tube containing cells were placed in the magnet for 5 min for sepa-
rations. CD45 positive cells were selected for a total of 3 separations,
and unlabelled cells (CD45 negative cells) were purified twice. CD45
negative cells were subsequently purified by MojoSort Mouse CD326
selectionkit (Biolegend, 480142). CD45 negative cells were labelled with
10 pl of TruStain FcX (anti-mouse CD16/32 antibody). After incubating
at room temperature for 10 min, 5 pl of the Biotin anti-mouse CD326
(EpCAM) antibody was added, followed by another incubation onice
for 15 min. Mixtures were washed once and thenincubated with 10 pl of
Streptavidin Nanobeads onice for 15 min. Tubes with washed cells were
placed inthe magnet for a total of 3 separations. High purity of sorted
cellsresuspended in PBS with 0.2% BSA-containing antibodies has been
confirmed using FACS, where CD45 positive cells were labelled with Ms
CD45 FITC 30-F11 (BD Pharmingen, 553079) and CD326 positive cells
were labelled with ANTI-MO CD326 G8.8 APC (Thermo, 17-5791-82).

Mouse intestinal organoid experiments

A12-week-old male Apc"™* (Rosa26™™; HII*YAT: Apc™™*) mouse was pre-
pared for organoid derivation. Smallintestine was dissected from the
mouse and rinsed thoroughly with epithelial organoid basal medium
(bioGenous B213151). The normal epithelium and neoplastic polyp were
removed from the luminal surface. The collected tissues (normal or
polyp) were digested in pre-cooled Epithelial Organoid Basal Medium
containing 5 mM EDTA (bioGenous E219121) and incubated at 4 °C for
30 min. After removing EDTA by washing with epithelial organoid basal
medium, the tissue fragments were vigorously agitated in pre-cooled

epithelial organoid basal medium to dislodge crypts, and the filtered
through a 70-um mesh filter. The dissociated tissue suspension was
centrifuged at 300g for 5 min. Cell pellet was resuspendedin areduced
growth factor matrix (Corning 356231). After the matrix solidified,
mouse intestinal organoid complete medium (bioGenous K2001-MI)
was then added. Organoids were cultured in a 37 °C incubator with
5% CO,.

Library preparation for PacBio sequencing

Whole genome of sorted cells was isolated with DNeasy Blood and Tis-
suekit (Qiagen, 69504). We used 500 ng of genomic DNA as the template
of amplification using KOD One PCR Master Mix (TOYOBO, KMM-101).
We adopted a three-step strategy to ensure effectively amplify 3-kb
target barcodes with UMIs and sample barcodes. First, we performed
one cycle of lineage amplification using P1 primer whichincorporates
14-nucleotide UMIs onto each original DNA molecule, followed by
clean-up of PCR products with 0.9x AMPure XP beads (Beckman Coul-
ter, A63881).Second, we conducted ten cycles of nested PCR amplifica-
tion using P2 and P3 primers to enrich the indexed target molecules.
Finally, the PCR products after clean-up were amplified using P4 and P5
primers which both contain 6-nucleotide symmetric sample barcodes
to enable sample multiplexing.

Sequencing libraries for each sample were pooled with the same
amount of DNA molecules to yield approximately equal coverage per
cell per sample. Three micrograms of pooled 3-kb barcode sequencing
libraries were used for PacBio SMARTbell library preparation (Fraser-
gen, Sequel lle platform). Roughly 200 Gb raw data and over 1 million
HIFIreads were generated per sequencing run.

Long-read sequencing data processing

The 3 kb barcode library was processed using a modified pipeline as
described*. In brief, adapters were first removed from the polymer-
ase reads. Circular consensus sequencing (CCS) reads were gener-
ated with at least five passes using pbccs v6.2.0 (--min-length=1000
--num-threads=10 --by-strand --min-passes=3). The highly accurate
CCSreads were then mapped to the reference 3-kb target barcode
sequence using minimap v2.17* (-t10-A4-B12-010,15-E2,1--score-N O
--end-bonus 10 -a--MD -x map-pb), followed by manipulating sam files
with samtools*®. Next, UMI, the 3-kb barcode sequence, and sample
barcodes of each CCS read were annotated according to the mapping
coordinates and the CCS mapped bam file was split into multiple fastq
files accordingly. UMIs were grouped by usearch v11.0.667* (-id 0.95
-gapopen 3.01/2.0E -gapext 1.01/0.5E -match +2.0 -mismatch -20.0
-sizeout), removing CCS groups with less than 3 CCSs. For each CCS
group, realigned reads were collapsed into a consensus CCSread, call-
ing nucleotide substitutions with an overall mapping quality greater
than 50 and amutation frequency greater than 0.6. Finally, we obtained
high-quality 3 kb barcodes for each sample.

High-quality CCS reads with atleast two mutations onbarcode were
used for downstream analysis, where 7-49% of the reads were filtered in
this step across normal and neoplastic tissues. Because non-neoplastic
cells (for example, sorted immune cells) from neoplastic samples
(AOM/DSS or Apc™™* lesions) or across different organs had a lower
mutation burden than neoplastic cells (Extended DataFig.2), we used
following two methods tofilter out plausible normal cells froma neo-
plastic sample: (1) when a neoplastic sample exhibited a bimodal dis-
tribution of mutation counts, the cells in lower mutation cluster were
removed; (2) without this characteristic bimodal distribution, the cells
with mutation counts lower than the 75th percentile of mutation counts
in adjacent normal cells were removed. After these filtering steps, in
total we obtained 260,922 cells for downstream analysis in this study.

Phylogenetic reconstruction
Phylogenetic trees were reconstructed using a maximum-likelihood
methodimplementedinlQ-TREEV2.2.2.7*%(-T5-oref-mGTR2 + FO + R10),
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with the original reference 3 kb barcode sequence as the phylogenetic
root. The optimal substitution models GTR2 + FO + R10 was selected
using IQ-TREE2 after evaluating all available substitution models. To
evaluate the robustness of tree reconstruction, we ran 1,000 rounds
of ultrafast bootstrap approximation (-B1000) and 1,000 rounds of
SH-like approximate likelihood ratio test (-alrt 1000). Multiple CPU
cores (-T 50) were used to speed up the reconstruction process.

Using wild-type normal cells as a control, we evaluated the mutation
frequency at eachsite across samples. Mutable sitesin the 3-kb target
barcode with a frequency greater than 0.04 and present at least two
normal samples were defined as hotspot sites. In total, 14 sites were
identified as hotspots with a mutation frequency roughly 20 times
higher than that of all the other mutated sites.

WGS of mouse samples

High-quality genomic DNA from 34 mouse samples (including adjacent
normal, polyps and tumours) were extracted using the DNeasy Blood
and Tissue Kit (Qiagen, 69504) and DNA concentration was quanti-
fied by Qubit Fluorimeter (Invitrogen). Illlumina NGS libraries were
prepared according to the sequencer’s protocols, and sequencing
was performed on Illumina Novaseq PE150 platform. An average of
90 Gb of data (-30x coverage) for each mouse sample was generated.

WES of human sporadic polyp/CRC cohort

The human sporadic polyp/CRC cohort for WES consisted of 107
patients who had not received prior treatment or had family history
of CRC, who were recruited from the Sixth Affiliated Hospital of Sun
Yat-sen University. Synchronous tumour (T), polyp (P) and adjacent
normal (N) samples were collected from each patient following writ-
ten informed consent through sample collection protocols. All bio-
specimen collection protocols were conducted in accordance with
the principles of the Declaration of Helsinki and was approved by
the institutional review board (IRB) of the Sixth Affiliated Hospital
of Sun Yat-sen University (Number 2019ZSLYEC-06). All of samples
were anonymously coded inaccordance withlocal ethical guidelines.
Freshly collected samples were stored in liquid nitrogen or directly
stored as whole tissue blocks in liquid nitrogen.

A two-tier system was used for histological grading of the polyps
into either low-grade or high-grade dysplasia, based on a combina-
tion of architectural and cytological features observed in H&E-stained
images* 2. High-grade polyps were defined as having more than 25%
ofthegland structure exhibiting one or more of the following features:
(1) marked complex glandular crowding with glandular irregularity
or cribriform architecture visible at low power; (2) substantial loss
of cell polarity and pseudostratified nuclei; (3) markedly enlarged
nuclei with prominent nucleoli, dispersed chromatin pattern, or atypi-
cal mitotic figures. Additionally, the size of the polyps was measured
by the endoscopists. For subsequent statistical analysis, polyps were
divided into two categories based on size: small (<1 cm) and large
(=1 cm). Clinical information, including size and grade, was recorded
inSupplementary Table 4.

Genomic DNA from fresh frozen samples of 107 patients were
extracted using the Magnetic Universal Genomic DNA Kit (Tiangen)
and then quantified by Qubit 3.0 (Invitrogen). Sequencing libraries were
generated using the NEB Next Ultra DNA Library Prep Kit (NEB) follow-
ing manufacturer’srecommendations and index codes were added to
eachsample. Exons were captured using SureSelect XT Human All Exon
V6 kit (Agilent), and paired-end sequencing (150 bp) was performed
on llluminaNovaSeq 6000 platform.

Detection of SSNVs and SCNAs

After the raw fastq files from WGS and WES were preprocessed with
fastp v0.19.7%, these cleaned sequencing reads were aligned to the ref-
erence genome (mouse WGS: NCBI build mm10; human WES: GRCh38)
using the BWA-MEM algorithm®* as implemented in BWA v0.7.17-r1188.

Following the GATK best practices and the associated set of tools
v4.2.0.0>¥, the aligned reads were processed by MarkDuplicates,
BaseRecalibrator and ApplyBQSR in sequence. Sequencing depth were
obtained usingbamdst v1.0.9 (https://github.com/shiquan/bamdst).
As described in previous studies®?%, we used Mutect2* to identify
all SSNVs and indels for each tumour/normal pair or polyp/normal
pairin eachindividual. Artefactual variants or background germline
variants were removed using a panel-of-normals (PoN) filter, which
was generated by pooled germline variants from normal samples.
High-confidence somatic variants were further extracted with Filter-
MutectCall. These somatic mutations were subsequently annotated
using ANNOVAR v.20200608% for further analysis.

We then used TitanCNA v1.28.0° to detect SCNAs and estimate
purity and ploidy for each polyp and tumour sample. The samples
with high purity (=0.25) were kept for follow-up analyses. The CCF for
each somatic mutation was calculated by adjusting its observed VAF
by considering tumour purity, local copy number and multiplicity®
and the inferred time order between SCNAs and SSNVs, as previously
described®. In addition, mutations were classified as ‘clonal’ if the
upper bound of the 95% confidence interval of CCF was equal to or
greater than 1. Otherwise, they were classified as ‘subclonal’. Then,
somatic mutations were retained if they had =5 variant readsina polyp
ortumour for WES and >4 variant reads in polyp or tumour for WGS and
total reads at variant position 210 inboth normal and polyp or tumour.
For human WES data, variants with CCF > 0.04 in polyp or tumour and
VAF < 0.01in normal sample were retained, and private mutations in
driver genes were further manually checked in the Integrative Genom-
ics Viewer v2.15.1 in both polyp and tumour within the individual to
ensure that they wereindeed private. For mouse WGS data, we detected
and visualized the SCNAs using scripts from a mouse cancer genome
sequencing data analysis pipeline®.

Single-gland WGS

Five polyps from the transverse colon of a sporadic patient (B139,
male, 73 years old), recruited from the Sixth Affiliated Hospital of
Sun Yat-sen University, were dissected through colonoscopy. The
method of single-gland isolation and WGS is based on adaptation of
apreviously published protocol®. In order to sample distinct spatial
regions from this polyp lesion, we first cut out 6 pieces representing
different regions from the fresh frozen tissue. Then, the tissue pieces
were placed on a clean glass slide under the microscope with 20 pl
PBS. Subsequently, individual crypts (or glands) were manually dis-
sociated using a 23 G (0.6 x 25 mm) injection needle and aspirated
using a pipette. Each gland was transferred to a PCR tube with 20 pl
protease buffer*. The glands with enough DNA (>1 ng) extracted were
selected for WGS library construction using the Vazyme TruePrep DNA
Library Prep Kit V2 (TD501/502/503, Vazyme, China) according to the
manufacturer’sinstructions. Libraries were sequenced onanlllumina
NovaSeq platform (Illumina). Each gland has at least 100 Gb of raw data
to ensure sufficient sequencing depth (>20x) to support subsequent
analysis (Supplementary Table 8).

The single-gland WGS data were also preprocessed using the same
pipeline with our WES data analysis. To filter out false positive muta-
tion callings from the single-gland WGS data, two callers Mutect2*®*and
Strelka v2.9.2% were used and consensus variant call set was obtained
using VariantFilter (https://github.com/rschenck/VariantFilter). Finally,
high-confidence mutations with VAF > 0.15 and variant reads >4 and
total reads > 7 in gland samples and no reads in the matched bulk
normal sample. Phylogenetic trees of glands using the SSNVs were
reconstructed using a neighbour-joining method®® implemented in
Biopython®, under Pythonv3.8.13, with the reference sequence without
mutations as the root.

Somatic copy number alterations (SCNAs) of each crypt relative to
matched normal tissue samples were estimated by Sequenza v3.0.0
package for R%. Joint segmentation on B-allele frequencies and depth
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ratio values across all samples from a given crypt were used to deter-
mineaset of breakpoints to use for the subsequent analysis. The cutoff
value for amplification(AMP) and deletion (DEL) were set as log,(2.5/2)
and log,(1.5/2). Arm-level copy number was annotated using all seg-
ments with same status droppingin the more than>40% specific region.
Finally, weidentified severalimportantarm-level SCNAs were labelled
inthe phylogenetic tree.

Clonal relatedness for polyp/CRC pairs

The patients with none or very few (<10) shared clonal SSNVs/indels
implied andistinct origin for polyp and tumour from the same patient.
Clonal relatedness for each polyp/tumour pair was further assessed
using Breakclone v0.3.3%°, which incorporated both population fre-
quency and allele frequency of mutations. Breakclone calculated a
Pvaluebased onapermutation test and a clonal relatedness score (Sup-
plementary Table 6). The clonal relationship between polyp and tumour
in each patient was then classified as related (P < 0.01 and clonality
score > 0.1), unrelated (P> 0.05 and clonality score < 0.05), or ambigu-
ous (theremaining pairs). This analysis was also applied to multi-region
sequencing data in two sporadic CRCs” as a positive control.

dN/dS analysis

The dN/dS ratio was estimated using the R package dndscv v0.0.1.0%,
with the default and recommended parameters for all mutations in
polyps and CRCs. The dndscv model was applied separately to muta-
tions sets within the three major subtypes (polyclonal polyps, mono-
clonal polyps, and CRCs). The putative driver CRC genes®® were curated
by merging all TCGA pan-cancer drivers” (n=299) and additional
CRC-specific drivers (n=47) annotated by the COSMIC Cancer Gene
Census (https://cancer.sanger.ac.uk/census). Except for the global
dN/dS estimates of the fitted models, dN/dS estimates of putative
CRC driver genes were extracted using the genesetdnds function of
dndscv. For mouse WGS data, dN/dS values were estimated for each
gene. Theinferred global rates were then used to estimate global dN/
dS for the mouse one-to-one ortholog of a curated human CRC driver
genes®®. The human-mouse one-to-one orthologs were downloaded
from the Ensembl database” (release 110) via BioMart (www.ensembl.
org/biomart, last accessed 23 August 2023).

Estimating the number of progenitor cells

We used TarCA v0.1.0% to estimate the number of founding progeni-
tor cells for each neoplastic lesion with the cell phylogenetic trees
reconstructed by SMALT. It should be noted that aprogenitoris defined
as a cell capable of founding a clonally expanding population in the
neoplasm, regardless of the underlying mechanisms of clonal expan-
sions. Thus, for a phylogenetic tree consisting of both normal and
neoplasticcells, TarCA first calculated the probability (Pr) of two ran-
dom neoplastic cells sharingacommon progenitor inamonophyletic
clade of the tree. As demonstrated by Liu et al.*, the effective number
of progenitors (Np) for aneoplastic tissue equals to the inverse of this
probability, namely:

Np=1/Pr 0))]

Given a phylogenetic tree including both normal and neoplastic
cells, Pr can be calculated as:

P _Zcrﬁ,-_Z(mix(mi—l))
Tl T Nx(N-D)

(2)

Where m;is the number of sampled cells of the ith monophyletic clade
of neoplastic cells, and N, is the total number of neoplastic cellsin the
sample.

We performed downsamplings to evaluate the robustness of Np
estimates: (1) if a neoplastic sample had more than 1,000 cells, 1,000

neoplastic cells were downsampled 20 times and all normal cells were
included each time; (2) if there were fewer than1,000 cells in the neo-
plasm sample, m normal or neoplastic cells were downsampled 20
times. Here downsampling is performed for the cell type (normal or
neoplastic) with higher cell number, whereas m is the smaller value
between the number of normal cells and the number of neoplastic cells.

Single-cell RNA sequencing

Colons from nine AOM/DSS mice were cut longitudinally and washed
with cold phosphate buffered saline (PBS). Tumours were collected
and cut into small pieces. Single-cell suspension was prepared using
MACS Tissue Dissociation Kits (Miltenyi Biotec.,130-096-730). In brief,
the tissues were cut into small pieces and dissociated with digestion
buffer and incubated at 37 °C for 30 min. The digestion solution was
washed with DEME. Cell suspensions were then filtered througha70-pm
cell strainer, spun down at 800g for 5 min, and resuspended. Library
generation for 10X Genomics v2 chemistry was performed using the
Chromium Single Cell 5’ Reagent Kits.

Raw scRNA-seq datawere aligned to the reference genome (mm10)
and the UMI was quantified for each sample using Cell Ranger v7.1
(10x Genomics). Two normal samples (GSE134255) obtained from
Vega et al.®® were integrated to our dataset as normal controls. The
UMImatrices generated by Cell Ranger were processed into individual
Seurat objects using the R package Seurat v5.0”%. To ensure high data
quality, cells were retained if they had at least of 500 genes and less
than15% mitochondrial gene expression, and were identified as singlets
by DoubletFinder v2.0.37. Genes expressed in less than 3 cells were
filtered. In this way, 45,620 high-quality cells were retained and these
cells were then normalized using Seurat’s sctransform v2 (SCT)”7,
which is specifically tailored for droplet-based scRNA-seq data and
is much more robust to technical effects than default normalization
method. Finally, mitochondrial read counts were regressed from the
data, and 3,000 highly variable genes were screened for subsequent
dimensionality reduction and integration analysis.

Principal component analysis (PCA) was performed first and the
top 50 significant principal components were selected using Seurat’s
ElbowPlot function. To minimize batch effects and preserve the genuine
biological heterogeneity, four single-cell integration methods were
compared: canonical correlation analysis, reciprocal PCA, Harmony”
and FastMNN". Harmony demonstrated moderate integration ability
in our data and the best biological interpretability in the subsequent
cell clustering and annotation. After removing batch effects using
Harmony v1.1.0 based on the top 50 PCA components, the FindNeigh-
bors function was applied on 30 dimensions, computing k-nearest
neighbour (KNN) and shared nearest-neighbour (SNN) graph based on
the ‘harmony space’. Afterwards, the FindClusters function was used
with a resolution of 0.1to perform the first-round clustering using
the Louvain algorithm. Each cluster was carefully annotated using
known markers leading to the identification of eight major cell types:
neutrophils, macrophages, T cells, B cells, endothelial cells, epithelial
cells, mast cells and fibroblasts (Supplementary Tables 9 and 10). Next,
asecond-round clustering was performed by setting the resolution
to 0.4, resulting in the identification of 26 subclusters. Notably, epi-
thelial cells and macrophages exhibited significant heterogeneity,
dividing into 10 and 7 subclusters, respectively. Meanwhile, B cells
were categorized into two subclusters (Band B plasma), whereas T cells
were subdivided into three subclusters (T regulatory, T cytotoxic and
T progenitor). The remaining cell types were not subjected to further
subdivision. To further annotate the subclusters of epithelial cells and
macrophages, we used the FindMarkers function to identify marker
genes within each subcluster of the two main clusters. We selected
arepresentative marker geneas a suffix for naming, distinguishing
the subclusters from one another. Specifically, for epithelial cells, the
subclusters were named as follows: Epi-Mt3, Epi-Mgst3, Epi-Peakl,
Epi-Mdga2, Epi-Ptprd, Epi- Krt20, Epi-Srgn, Epi-Goblet, Epi-Arglul, and
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Epi-Stem-like. Similarly, for macrophages, the subclusters were named:
Macro-Trem2, Macro-Chil3, Macro-Ifitm1, Macro-Acodl, Macro-Cxcl3,
Macro-St18, and Macro-Ccr7 (Supplementary Tables 11 and 12).

Differentially expressed gene analysis

Differentially expressed genes (DEGs) between subclusters were deter-
mined using the Seurat FindALLMarkers and FindMarkers function
with the Wilcoxon rank-sum test. DEGs were retained if they expressed
in more than 1% of cells within a subcluster, coupled with an average
log-transformed fold change greater than 0.25. To annotate the cell type
of each cluster, canonical expression markers discovered among the
DEGs and documented in the literature were combined. Additionally,
heat maps and dot plots were generated using Seurat’s DoHeatmap
and DotPlot functions. The expression of marker genes on the uniform
manifold approximation and projection (UMAP) plot was visualized
using Seurat’s FeaturePlot functions.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was conducted using the clus-
terProfiler package’ (version 4.8.3). The GSEA algorithm calculates
anenrichmentscore (ES) reflecting the degree of overrepresentation
atthetop or bottom of the ranked list of the DEGs. Positive or negative
enrichment scores indicate that the gene set is enriched at the top or
bottom of the DEG ranking list, corresponding to activated (ES > 0) or
suppressed (ES < 0) gene pathways. For our pathway enrichment analy-
sis, we utilized the Gene Ontology gene sets (M5) and mouse orthologue
hallmark gene sets available in the MSigDB database (https://www.
gsea-msigdb.org/gsea/msigdb).

Gene set variation analysis and scoring

The Gene Set Variation Analysis’ (GSVA) package v1.48.3 was used to
score different gene sets. GSVA computes a score for a specific gene set
inindividual cellsbased on their gene expression data. Each of the seven
classes of macrophages, as defined by the unified nomenclature, pos-
sessesits unique set of gene markers. The macrophages in our dataset
were annotated into these seven classes based on the corresponding
gene sets (Supplementary Table 13). Each cell was scored using the
ssgseamethod with parameters kcdf = “Gaussian”, ssgsea.norm=TRUE.

Differential cellabundance analysis

miloR v1.8.1%° was used to identify changes in abundance across distinct
celltypes. The milo performs differentialabundance testing by assigning
cellsto partially overlapping neighbourhoods onaKNN graph. Molo, by
considering the changein cellabundance as a continuous process, can
capture continuous trajectories without depending on pre-clustering
cellsinto discrete groups. This approach allows us to observe temporal
variationsin abundance for different cell types using generalized linear
models. Specifically, a KNN graph was constructed based on Seurat’s
‘harmony space’, and 10% of the cells were selected using a sampling
refinement algorithm. Each sampled cell, along with its neighbouring
cells exhibiting close transcriptional spatial distances (determined by
KNN distance), constitutes a neighbourhood. Within each neighbour-
hood, the number of cells within each neighbourhood was reasonably
distributed between 50 and100. The spatial FDR (corrected Pvalue) for
eachsignificantabundance change neighbourhood did not exceed 0.1.

Cell-cell communication analysis

CellChat v1.6.1° was used to infer interactions between different
epithelial cell types within each sample. CellChat provides distinct
advantages in the analysis of ligand-receptor interactions. It con-
siders not only the expression levels of ligands and receptors genes
across cell subclusters but also the necessary structural components
duringligand-receptor binding, such as multimeric ligand-receptor
complexes, soluble agonists, antagonists and stimulatory and inhibi-
tory membrane-bound co-receptors. The strength of ligand-receptor

interactions within a single sample was measured by the total number
ofinferredligand-receptor pairs present in that sample. As the number
ofinferred ligand-receptor pairsis affected by the sample cellnumber,
we performed 50 downsamplings, each including 689 epithelial cells
(the smallest cellnumber amongthese 9 samples, IBD142_T5) for each
sample. We used the average number of ligand-receptor pairs between
eachtwo epithelial subclusters from the 50 downsamplings to visualize
theintercellular interactions in each sample. The average number of
ligand-receptor pairs per sample in the 50 downsamplings was used
to perform correlation analysis with the lesion clonality (1/Np).

We identified a total of 1,543 candidate ligand-receptor pairs from
the CellChat database (CellChatDB) that had genes expressions among
neoplastic epithelial cells. These ligand-receptor pairs represent all
possible potential interactions among neoplastic cells. We thus quanti-
fied the occurrence of each of these ligand-receptor pairsindividually
and compared early low-clonality lesions (Np > 3, 6 samples) and late
high-clonality lesions (Np < 3, 3 samples) using the Wilcoxon rank-sum
test. An adjusted FDR threshold of less than 0.05 indicates a signifi-
cant difference in ligand-receptor pair numbers between the two
stages. MultiNicheNetR v1.0.3% was also used to identify significantly
altered ligand-receptor pairs under two conditions. MultiNicheNetR
emphasizes whether downstream target genes are regulated by the
corresponding ligand after binding to its receptor. The establishment
of aligand-receptor pair requires simultaneous high expression of
the ligand in the sending cell and the receptor in the receiving cell,
alongwithregulated target genesin thereceiving cell (Supplementary
Table 16). Both CellChat and MultiNicheNetR were implemented with
the parameters recommended by their respective authors.

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

Data availability

All processed data generated in this study have been deposited
and are available at Zenodo (https://zenodo.org/records/11647317
(ref. 82)). The single-cell phylogenies generated from this study are dis-
played at https://smalt-phylogeny.org/. Raw data are publicly available
from the National Genomics Data Center (NGDC) under the accession
numbers PRJCA024217 and PRJCA023981. Public scRNA-seq data for
two wild-type mouse colon samples can be accessed with GSE134255
(https://www.ncbi.nlm.nih.gov/).

Code availability

Allcomputer code used in this study is available from the GitHub reposi-
tories https://github.com/zhaolianlu/SMALT-mouse and https://github.
com/zhaolianlu/Homo-preCRC.
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