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Recent studies have revealed that polyclonality—where multiple distinct subclones cooperate during
early tumor development—is a critical feature of tumor evolution, as demonstrated by Sadien et al. and
Lu etal. in Nature (October 2024). These findings show that early polyclonal interactions can overcome
fitness barriers, ultimately transitioning to monoclonality as dominant clones emerge. Understanding
and targeting these interclonal dynamics offers new therapeutic opportunities. In this perspective, we
outline how computational modeling and artificial intelligence (Al) tools can provide deeper insights into
tumor polyclonality and identify actionable therapeutic strategies. By applying ligand—-receptor interaction
analysis, clonal trajectory reconstruction, network and pathway modeling, and spatial analysis, researchers
can prioritize communication hubs, evolutionary bottlenecks, and microenvironmental niches that sustain
tumor progression. These approaches, when integrated with experimental validation, offer a translational
pathway from foundational discoveries to personalized cancer treatments aimed at disrupting cooperative
subclonal ecosystems and preventing malignant progression.We commend the recent Nature publications,
“Polyclonality overcomes fitness barriers in Apc-driven tumorigenesis™ by Sadien etal. [1] and “Polyclonal-
to-monoclonal transition in colorectal precancerous evolution” by Lu et al. [2], both featured on 2024
October 30. These groundbreaking studies employed distinct lineage tracing methods to investigate
the origins and evolutionary dynamics of colorectal and intestinal tumorigenesis. Despite their different
approaches, both studies reached convergent conclusions: Polyclonality plays a pivotal role in the early
stages of tumor development, providing critical insights into how diverse cellular populations collaborate
to overcome fitness barriers and drive tumor progression.
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Clarifying Definitions: Polyclonality and
Monoclonality in Tumor Evolution

In this perspective, we define polyclonality as the presence of
multiple independent ancestral lineages contributing to the for-
mation of a single precancerous lesion, each arising separately
and harboring distinct sets of somatic mutations. This is consis-
tent with the definition used by Lu et al. [2], who demonstrated
through base editor-enabled DNA barcoding that early-stage
colorectal lesions often originate from multiple distinct clones.
These lineages coexist and interact within the same tissue micro-
environment without any single clone initially dominating. The
transition to monoclonality refers to the evolutionary bottleneck
observed during tumor progression, where competitive pres-
sures—such as selective growth advantages from driver muta-
tions—lead to the outgrowth of one dominant lineage, resulting
in a monoclonal tumor mass derived from a single ancestral
clone. As shown by Lu et al., this transition is associated with
diminished interclonal interactions and a collapse of clonal
diversity over time.
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Introduction of the 2 Studies

The Sadien study [1] used multicolor lineage tracing with chem-
ical mutagenesis to demonstrate that many intestinal tumors
have a polyclonal origin, consisting of subclones with distinct
APC mutations. These diverse subclones are influenced by dif-
ferences in KRAS and MYC signaling and highlight the role of
interclonal interactions in tumor progression. In parallel, Lu
et al. [2] employed a base editor-enabled DNA barcoding system
to map single-cell phylogenies in mouse models of colorectal
tumorigenesis. Their analysis of over 260,000 single cells found
that colorectal precancerous lesions often arise from multiple
lineages. Early polyclonal lesions displayed extensive intercel-
lular interactions, which were significantly diminished during
the transition to monoclonality.

These studies underscore the importance of polyclonality and
interclonal interactions in early tumor formation. Intratumor
heterogeneity, resulting from clonal evolution and branching, has
been widely observed across many cancers, including breast,
lung, prostate tumors, and glioblastoma [3,4]. Multiple clones
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contribute to tumor growth, therapy resistance, and metastasis,
emphasizing the need to understand interclonal interactions.
Targeting the cooperation or competition between clones also
offers opportunities to control tumor progression. Understanding
and overcoming these complexities are also crucial in developing
effective, long-term cancer therapies for improving cancer treat-
ment outcomes. All of these areas currently rely critically on
strong computational analysis tools, and they suggest opportuni-
ties for sustained computational method development.

We propose that integrating data from studies like those by
Sadien et al. and Lu et al. with advanced computational model-
ing and artificial intelligence (AI) can yield powerful insights
for translational research, from early detection and targeted
interventions to personalized treatment plans, ultimately aim-
ing to improve patient outcomes (Figure).

Modeling ligand-receptor interactions

In the context of modeling ligand-receptor interactions, tools
such as CellChat [5] can analyze single-cell RNA sequencing
(scRNA-seq) data to identify ligand-receptor interactions
between subclones. For example, Lu et al. [2] demonstrated
14 enriched ligand-receptor interactions in early polyclonal
lesions, involving extracellular matrix (ECM) organization and
cell adhesion—processes critical for maintaining clonal coop-
eration. CCCExplorer [6,7] complements this by mapping how
these interactions funnel into downstream signaling pathways.
As demonstrated by Lu et al. [2], mutations in genes such as
BCLIL, SOX9, TCF7L2, and CTNNBI diminish interclonal
communication during the transition to monoclonality. Tools
like CCCExplorer can link these mutations to specific ligand—
receptor pathways, revealing how signaling disruptions pro-
mote the loss of clonal cooperation.

AT enhances these tools by enabling the prediction and
refinement of ligand-receptor interactions. Machine learning
algorithms, such as random forests or neural networks, can
integrate scRNA-seq data to predict novel ligand-receptor pairs
that drive interclonal communication [8]. Autoencoders, a class
of unsupervised deep learning models, can be applied to single-
cell transcriptomic data to extract subclone-specific latent
features. By compressing and reconstructing gene expression
profiles, autoencoders can identify signaling modules prefer-
entially activated within distinct subclones. Analysis of these
modules can reveal how specific subclones contribute to tumor
growth, immune evasion, or therapy resistance [9]. Bayesian
network models can be used to infer probabilistic causal rela-
tionships between somatic mutations and downstream pathway
activation within individual clones. While less established,
reinforcement learning could be adapted to simulate clonal
competition dynamics and optimize therapeutic strategies that
disrupt critical interclonal interactions, using fitness reduction
or loss of cooperative signaling as a reward function [10].

Modeling ligand-receptor interactions enables the identifi-
cation of key interclonal communication pathways that sustain
early tumor polyclonality. Therapeutically, targeting these path-
ways—for example, disrupting ECM remodeling or adhesion
signals that maintain clonal cooperation—could selectively
destabilize cooperative subclonal ecosystems, impairing tumor
progression at its earliest stages.

Reconstructing clonal evolution with trajectory tools

The reconstruction of clonal evolution, as explored by both
Sadien et al. and Lu et al., can also benefit from Al Tools such
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Figure. Schematic representation of tumor evolution, interclonal cooperation, and
the integration of Al-enhanced tools to address tumor complexity and identify
therapeutic targets. The top row illustrates tumor evolution, starting with diverse
tumor subclones exhibiting interclonal cooperation, which enables growth and the
overcoming of fitness barriers, transitioning toward monoclonality as a dominant
subclone emerges. The tumor microenvironment (TME), depicted in the middle left,
highlights the complex interplay between tumor cells, immune cells, stromal cells, and
vasculature, driving progression and therapy resistance. The bottom right showcases
computational and Al tools, including CCCExplorer, CellChat, Monocle, Cytoscape,
and SpatialDE, represented as synergistic puzzle pieces used to analyze ligand-
receptor interactions, reconstruct clonal trajectories, and explore disrupted signaling
networks. Finally, the central integration of these insights directs the identification of
novel therapeutic targets and the development of personalized treatment strategies,
bridging the gap between foundational research and clinical applications.

as Monocle [11] trace evolutionary trajectories of cell popula-
tions, linking specific mutations to changes in clonal behavior.
Lu et al. highlighted how mutations in BCLIL and CTNNB1
drive clonal dominance during monoclonal transitions. Deep
variational autoencoders (VAEs) can capture branching events
in clonal evolution [12], while natural language processing mod-
els can annotate mutations like APC or KRAS, contextualizing
their functional relevance. Recurrent neural networks and time-
series modeling can forecast when subclones gain dominance
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[13], providing insights into how clonal cooperation diminishes
over time.

Reconstructing clonal evolution trajectories allows research-
ers to map when specific subclones acquire dominance-driving
features, such as key mutations or pathway activations. Targeting
these critical events therapeutically could delay or prevent the
collapse into monoclonality, potentially maintaining a more
indolent polyclonal state or rendering tumors more susceptible
to therapy.

Network and pathway analysis

Network and pathway analysis further elucidate how clonal inter-
actions shape tumor evolution. Sadien et al. emphasized diverse
signaling profiles among APC-mutant subclones, while Lu et al.
linked specific mutations to disrupted ECM and adhesion-related
pathways. Tools like Cytoscape [14] can visualize these networks,
showing how signaling disruptions lead to clonal competition.
Graph neural networks expand on this by identifying cooperative
signaling modules [15], while machine learning simulators model
how perturbations in nodes like MYC affect interclonal interac-
tions [16]. Deep VAEs, as demonstrated by Geleta et al. [12], can
compress complex genotype data into lower-dimensional latent
feature spaces while preserving meaningful biological structure.
In the context of tumor evolution, similar strategies could be
adapted to compress single-cell signaling profiles, where subse-
quent clustering or anomaly detection analyses might reveal
emergent patterns of clonal cooperation or dominance. While
promising, these applications remain exploratory and require
further validation in cancer models.

Network and pathway analysis can reveal central nodes critical
for sustaining interclonal cooperation, such as MYC-driven pro-
liferative signaling or CTNNB1-mediated adhesion. Therapeutic
targeting of these central hubs could dismantle the cooperative
network architecture, selectively impairing tumor growth and
clonal expansion.

Spatial analysis of clonal distribution
Spatial analysis of clonal distribution, highlighted by Sadien
et al. and Lu et al., reveals how subclones occupy distinct niches
and interact within the tumor microenvironment. Spatial tran-
scriptomic tools such as SpatialDE [17] map how mutations
influence spatial interactions between clones. Lu et al. observed
a reduction in interclonal proximity and communication as
lesions transitioned to monoclonality. Convolutional neural
networks (CNNs) can analyze histological images to track
clonal clustering or dispersal [18], while spatial graph convo-
lutional networks quantify cell-cell interactions sustaining
polyclonality [19-21]. Agent-based modeling integrates mor-
phological data with AI decision engines, simulating how
clones compete or cooperate in real-world conditions [16].

Integrating Al-driven computational analyses with single-
cell and spatial omics data offers not only a deeper understand-
ing of early tumor polyclonality but also a practical framework
for therapeutic discovery. By identifying interclonal signaling
dependencies, reconstructing evolutionary bottlenecks, and
mapping cooperative spatial niches [22], these tools can pri-
oritize actionable targets for disrupting subclonal cooperation,
delaying clonal dominance, and personalizing treatment strate-
gies for heterogeneous tumors.

Spatial analysis allows mapping of where cooperative or
dominant subclones reside within the tumor microenviron-
ment. Therapeutically, spatial targeting—such as site-specific
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delivery of immune modulators or pathway inhibitors—could
be designed to selectively disrupt localized niches supporting
polyclonal cooperation or emerging clonal dominance.

Critical analysis of Al and computational tools
Although computational modeling and AI-driven tools have
opened new avenues for studying tumor polyclonality, several
technical and practical limitations remain. The predictive
power of these models heavily relies on the quality, size, and
diversity of input datasets. However, many publicly available
scRNA-seq and spatial transcriptomic datasets are relatively
small, suffer from sampling biases (e.g., overrepresentation of
specific tumor types or stages), and often lack paired clinical
annotations such as treatment histories or patient outcomes.
These gaps limit the models’ ability to generalize across patient
populations.

Furthermore, most AI models, especially deep learning
frameworks like CNNs and autoencoders, operate as “black
boxes”, producing predictions without clear mechanistic expla-
nations. This lack of interpretability complicates biological
validation and limits clinical translation. Overfitting is another
major concern, particularly when training datasets are small
or unbalanced, leading models to capture noise instead of true
biological signals.

Algorithmic biases can also emerge when training data
reflect historical inequities or technological artifacts, poten-
tially reinforcing errors rather than correcting them. These
issues are especially critical when inferring interclonal com-
munications or reconstructing evolutionary trajectories, where
biological nuance matters.

To overcome these challenges, rigorous model validation
using independent experimental datasets, cross-cohort com-
parisons, and standardized benchmarking practices are essen-
tial. Expanding multi-institutional data sharing efforts and
integrating multi-modal data (e.g., genomics, transcriptomics,
proteomics, and imaging) can also improve the robustness and
clinical relevance of Al-driven insights into tumor evolution.
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