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Abstract
Background  Tumor evolution is driven by substantial cellular heterogeneity, yet its reconstruction remains 
challenging with conventional bulk sequencing approaches. Single-cell transcriptomic data provide opportunities to 
study clonal diversity and evolutionary dynamics, but accurate inference of clonal structure and lineage relationships 
from these data remains difficult.

Methods  We developed single-cell reinforcement learning (RL) for evolution modeling (scRevol), an RL-based model 
for inferring tumor evolution from single-cell RNA sequencing (scRNA-seq) data. Using copy number variation (CNV) 
profiles inferred from scRNA-seq data, scRevol employs a label assignment learning strategy to generate informative 
embeddings, identify clonal populations, and reconstruct evolutionary trajectories. We evaluated scRevol using 
simulated datasets, lineage tracing data, and ovarian cancer scRNA-seq datasets.

Results  In simulated datasets, scRevol showed robust intra-cluster coherence and accurately recovered lineage 
topology across varying levels of clonal complexity and noise. Compared with clustering baselines and existing 
methods for single-cell tumor evolution analysis, tscRevol achieved strong agreement with ground truth. In lineage 
tracing data, scRevol identified clonal groups associated with metastatic potential and revealed substantial metastatic 
heterogeneity. In ovarian cancer datasets, scRevol resolved subclonal structures across primary and metastatic lesions 
and associated inferred clones with distinct transcriptional and pathway-level features.

Conclusions  These results support scRevol as a practical framework for reconstructing tumor evolution from single-
cell transcriptomic data and for characterizing clonal architecture and subclonal diversity.
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Background
Tumor evolution is a dynamic and multifaceted process 
characterized by the continuous emergence of genetic vari-
ants, clonal diversification, and selective pressures that drive 
cancer progression and therapy resistance [1, 2]. Clones 
exhibit profound heterogeneity, varying in their genetic 
composition both within a single tumor (intra-tumor) and 
among different tumors (inter-tumor). Understanding 
the evolutionary process is crucial for developing effective 
cancer treatment strategies. The study of tumor evolution, 
particularly the identification and tracking of repeated evo-
lutionary patterns, is pivotal for precision oncology [3, 4].

Computational approaches for reconstructing tumor 
evolution have been developed across different sequenc-
ing modalities and can be broadly grouped into three 
categories. The first class of algorithms is based on bulk 
sequencing data, where DNA or RNA from both can-
cerous and normal cells are sequenced together. For 
instance, PyClone is renowned for its Bayesian clustering 
approach to accurately infer clonal genotypes, though it 
can be computationally intensive and may struggle with 
low-depth sequencing data [5]. ClonEvol focuses on 
visualizing the clonal evolution of tumors and provides 
intuitive graphical representations, but its reliance on 
pre-determined clusters can limit its flexibility [6]. Mod-
els based on bulk sequencing data typically rely on cancer 
cell fraction, single-nucleotide variants (SNVs), and/or 
copy number variations (CNVs). They are limited by the 
need for high sequencing depth and tumor purity, and 
may also result in the loss of allele-specific information 
[6, 7]. An alternative approach involves single-cell DNA 
sequencing, which offers a more detailed view of clonal 
evolution [8–11]. SCITE and OncoNEM are specifically 
designed for constructing phylogenetic trees from sin-
gle-cell DNA data [8, 9]. SCITE, a Markov Chain Monte 
Carlo algorithm, constructs a maximum likelihood tree 
from imperfect single-cell sequencing genotypes, illus-
trating the sequence of mutations in tumor evolution. 
OncoNEM is a likelihood-based method that uses a heu-
ristic search to identify the maximum likelihood clonal 
tree, which represents the evolutionary relationships 
among subpopulations. It clusters cells into clones and 
infers unobserved populations to enhance likelihood. 
Single-cell DNA sequencing methods offer a promising 
alternative to bulk sequencing for studying tumor evolu-
tion. However, they are limited by low throughput and 
reduced genome coverage [12, 13]. The third class of algo-
rithms is based on scRNA-seq data. These methods are 
either clustering algorithms (Clonalscope [14], STARCH 
[15]) or methods used exclusively for inferring tumor 
evolution (SCEVAN [16]). Most existing approaches 
address clonal assignment and evolutionary inference 
with separate modules, and often make strong modeling 
assumptions (e.g., infinite-sites) or impose demanding 

data requirements (e.g., high purity). As more scRNA-seq 
data is generated, effectively utilizing this data to combine 
clustering and phylogenetic tree construction for infer-
ring the clonal evolution tree of tumors will greatly aid in 
understanding the evolutionary processes of tumors.

Reinforcement learning has emerged as a powerful 
paradigm in machine learning [17], yielding impressive 
outcomes in robotics [18], autonomous driving [19], navi-
gation [20], and large language models [21]. By iteratively 
receiving feedback from an environment, an RL agent 
aims to discover an optimal policy that maximizes cumu-
lative rewards [22]. The application of RL to tumor evo-
lution has recently gained traction, offering a data-driven 
alternative to overcome the limitations of traditional 
methods [23, 24]. For example, Azer et al. integrated sin-
gle-cell DNA sequencing with neural networks and RL to 
infer tumor phylogeny, demonstrating resilience to noise 
and scalability across different cell and mutation counts 
[23]. In single-cell contexts, however, SNV calling is par-
ticularly vulnerable to allelic dropout and coverage varia-
tion, whereas RNA-inferred CNV profiles tend to yield 
more stable signals for defining malignant clones and sub-
clones. Building on this rationale, we introduce single-cell 
reinforcement learning for evolution modeling (scRevol), 
which leverages CNVs derived from scRNA-seq data to 
(i) derive clonal assignments and (ii) infer evolutionary 
relationships in a sequential pipeline. Through an RL-
based training process, scRevol infers clonal structure 
and corresponding evolutionary relationships, offering a 
practical framework for modeling tumor progression.

Methods
Framework of scRevol
The scRevol algorithm integrates RL and graph-based 
methods into a cohesive three-step pipeline designed to 
achieve robust clustering and accurate tumor evolution 
tree reconstruction.

In the first step, the unsupervised clustering problem 
is reformulated as a decision-making process modeled 
as a Markov Decision Process (MDP). This framework 
enables the application of the Proximal Policy Optimiza-
tion (PPO) algorithm, an RL approach known for its data 
efficiency and training stability, to solve an MDP for opti-
mizing latent embeddings [25]. The process begins with 
the input CNV matrix D, an empty buffer B, an initial-
ized policy model π θ  represented by a neural network, 
a reward function R, and a clustering method C. Here, 
CNV matrix D is represented as a c × m matrix, where 
c denotes the number of cells and m denotes the number 
of the CNV features across genomic regions or genes. The 
training is conducted iteratively over a predefined number 
of steps. The policy model is implemented as a neural net-
work comprising one hidden layer of size 512 × 512 and 
an output layer, with ReLU activation functions. During 
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training, a batch of size 100 is updated at each step using 
the Adam optimizer with a learning rate of 0.0001.

During each iteration i, the policy model computes the 
parameters of a latent normal distribution Ni, from which 
a set of (noted as n) latent embeddings z ( c × k, where k 
is a predefined hyperparameter) is sampled. A normal dis-
tribution is adopted because it provides a smooth latent 
space that stabilizes optimization and facilitates efficient 
gradient-based learning. These embeddings compress 
the CNV matrix and reduce noise, making them suitable 
for downstream clustering. The clustering method C is 
then applied to group the latent embeddings, producing 
cluster labels l. The quality of clustering is evaluated by 
the reward function R, which assigns reward r based on 
clustering metrics. In the following experiments, the sil-
houette score is employed as the specific reward metric. 
The generated tuples (z, l, r), containing the sampled 
embeddings, cluster labels, and corresponding rewards, 
are stored in the buffer B. To update the policy, we opti-
mize a PPO objective using the clustering reward asso-
ciated with each sampled embedding. This requires 
translating the scalar clustering score into a learning sig-
nal for policy updates while keeping successive updates 
conservative as the policy changes. We therefore compute 
an advantage term for each embedding to capture its rela-
tive quality within the current batch. We also compute 
an importance ratio that compares how likely the same 
embedding is under the current policy versus the previous 
policy. These quantities are then used to form the PPO 
clipped surrogate objective described below. Formally, the 
advantage Adv is defined as:

	
Advzj

= rj − 1
n

n∑
k=1

rk

 
� (1)

We next compute the importance ratio δ , defined as the 
likelihood ratio of sampling the same embedding under 
the current distribution Ni versus the previous distribu-
tion Nold:

	 δ = logP (zj |Ni)
logP (zj |Nold)  � (2)

To ensure optimization stability, PPO updates the policy 
π θ  by maximizing a clipped surrogate objective func-
tion, using Adv and δ:

	

L (θ) ← Ej ∈ {1, . . . , n}
[min (Adv · δ, Adv · clip (δ, 1 − ϵ, 1 + ϵ))] 

� (3)

This iterative process continues until the policy π θ  con-
verges, producing latent embeddings with improved clus-
tering performance and reduced noise.

In the second step, the trained policy model is used 
to sample optimized latent embeddings from the input 

CNV matrix D. These embeddings are passed through 
the clustering method C to generate final cluster labels 
L. The refined labels provide a more accurate structural 
representation of the data, capturing underlying biologi-
cal patterns and heterogeneity. These cluster labels serve 
as input for the final stage of the pipeline.

The third step focuses on reconstructing the tumor 
evolution tree using the minimum spanning tree (MST) 
algorithm. Cluster centers are computed by averaging 
the CNV data points within each cluster, as defined by 
the labels L. Pairwise distances between cluster centers 
are then calculated using a predefined metric such as the 
Euclidean distance:

	 Distance (Ci, Cj) = ∥ Ci − Cj ∥2  � (4)

where Ci and Cj  are the cluster centers. These distances 
are used to construct a complete graph, where edges are 
iteratively added in ascending order of distance to form 
the MST while ensuring no cycles are introduced. This 
process results in a tree structure that spans all clusters 
and minimizes the total edge length.

Clustering CNVs via RL
Predicting latent embeddings for CNV matrices is a chal-
lenging task that requires overcoming noise and distur-
bances while obtaining a robust representation in the 
latent space that is suitable for subsequent tree-building 
techniques. Traditional methods often fail to address 
the noise adequately or rely on linear approaches, lead-
ing to suboptimal performance and limiting the poten-
tial for effective tree construction. To tackle this issue, 
we reformulate the problem of predicting latent embed-
dings as a sequential decision-making process, model-
ing it as an MDP. An MDP describes a system where 
the state evolves over time, with transitions influenced 
by the actions taken [26]. By adopting this MDP frame-
work, we can systematically explore the dynamic interac-
tion between latent embeddings and their mathematical 
properties.

To solve the MDP, we optimize the policy π (a|s) that 
determines the action a given the state s. The goal is to 
maximize the expected cumulative reward over a trajec-
tory, defined as:

	

V (π ) = E[ ∞∑
t=0

γ tr (st, at) |s0 ∼ ρ (· ) , at ∼ π (· |st) , st+1 ∼ P (st+1 |st,at)

]
� (5)

where γ ∈ [0,1) is the discount factor, st and at denote 
the state and action at timestep t, and the expectation is 
taken over trajectories induced by the policy π . Pseudo-
code for the method is given below.
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Algorithm 1. PPO for Latent Embedding

Enhancing training efficiency and embedding robustness
Supervised initialization for speed-up
Training from scratch often involves extensive interac-
tions and prolonged training times. To mitigate this, the 
model is initialized by approximating the dimensionality 
reduction results of principal component analysis (PCA). 
This initialization accelerates convergence and enhances 
stability during training, providing a more efficient start-
ing point for the learning process.

Preventing reward hacking with Kullback-Leibler (KL) 
constraint
During experimentation, we observed a disconnect 
between optimizing reward signals and achieving high-
quality clustering results. Specifically, higher rewards 
did not always correspond to better latent embeddings, 
indicating the occurrence of reward hacking. To address 
this, PCA results are used as a baseline under normal 
conditions, and a KL divergence constraint is introduced 
between the PCA-initialized policy π θ 0  and the target 
policy π θ . The KL constraint is defined as:

	
DKL (π θ ∥ π θ 0) = Ez∼π θ

[
log π θ (z)

π θ 0 (z)

]
� (6)

where π θ (z) and π θ 0 (z) represent the probabilities of 
generating the latent embedding z under the target and 
reference policies, respectively. This constraint ensures 
that the latent embeddings remain aligned with the struc-
ture captured by PCA, while still optimizing the reward. 
By penalizing excessive divergence, the model is guided 
to stay within the desired solution space, improving the 
quality and robustness of the embeddings.

Generation of simulated data
The copy-number matrix was the primary input for all 
downstream analyses. We first generated single-cell CNV 

profiles with CNAsim [27], with minor modifications to 
enhance clone selection and tree pruning, reducing the 
frequency of excessive events. Key parameters included 
the number of clones, set to values of 2, 3, 4, 5, or 6, and 
error rates ranging from 0.25 to 0.4 (0.25, 0.3, 0.35, and 
0.4). The parameter placement-param was varied from 1 
to 5. Configurations were randomly combined to ensure 
diverse dataset generation. Certain parameters remained 
constant across all simulations: the number of cells was 
fixed at 500, the normal fraction was set to 0.1, cn-copy-
param was assigned a value of 0.7, and both region-length 
and min-cn-length were fixed at 1,000,000. These settings 
yielded a total of 499 unique datasets, providing robust 
input for benchmarking and analysis.

A practical complication is that the methods we bench-
marked do not operate on the same data modality. Clon-
alscope and SCEVAN are designed to take an scRNA-seq 
count matrix as input and contain their own CNV-calling 
step, whereas scRevol and the generic clustering base-
lines (K-means, Leiden, Ward’s hierarchical clustering, 
neighbor joining) assume that a cell-by-segment CNV 
matrix is already available. If we had evaluated all meth-
ods only on the simulated CNV matrices, the CNV-based 
methods would have been tested one step closer to the 
ground truth, while the RNA-based methods would still 
have to start from expression data that we had intention-
ally made more realistic in the CNV-to-RNA simula-
tion step (library-size variation, dropout and expression 
outliers; Additional file 1: Fig. S1). In that situation, an 
observed performance gap may arise primarily from this 
additional generative stage, during which noise and dis-
tributional shifts are introduced to mimic scRNA-seq 
data, rather than from the clonal inference algorithms 
themselves.

To remove this asymmetry and to reflect the common 
real-world scenario in which only scRNA-seq is avail-
able, we therefore converted the simulated CNV profiles 
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into matched RNA-like matrices and required all RNA-
input methods to start from this shared expression space. 
Concretely, region-level CNVs were projected to genes 
via a predefined region-to-gene annotation and aggre-
gated per cell; RNA counts were then simulated on top 
of these gene-level CNVs using a gamma/dosage scheme 
with library-size variation, rare outliers and dropout, fol-
lowing Bai et al. [28]. The resulting matrices can be used 
directly by RNA-based CNV callers (for example, infer-
CNV) and by methods that internally reconstruct CNVs 
(Clonalscope, SCEVAN).

In parallel, we retained the CNV branch with controlled 
noise levels to assess how methods that work natively on 
CNV matrices, such as scRevol and the clustering base-
lines, respond to different error rates in the absence of a 
CNV-inference step. During the RNA-based benchmark, 
a small number of runs did not finish for external tools. 
Specifically, SCEVAN failed on 3 simulated datasets due 
to a mismatch in the subclone-name assignment step, 
and inferCNV failed on 11 datasets at the sequencing-
depth normalization stage. To ensure that all methods 
were evaluated on exactly the same inputs, we therefore 
restricted the RNA-based comparison to the 485 simula-
tions that completed successfully for every tool. By con-
trast, in the CNV-only branch all 499 CNAsim-generated 
CNV matrices were processed without errors.

Processing of lineage tracing data
We obtained lineage tracing data (GSE161363) [29] from 
the NCBI GEO database, focusing on the M5k subset 
(5,000 engineered cells) and the LM0 subset (pre-implan-
tation cells). The experimental system utilized a human 
KRAS-mutant lung adenocarcinoma line (A549 cells), 
without inclusion of normal cells in the original study. To 
infer CNVs, pre-implantation cells from LM0 were used 
as the reference to investigate post-implantation clonal 
evolution.

Cells from LM0 were filtered to ensure the inclusion 
of those with typical expression profiles and relevance 
to the experimental focus. First, cells with LG_Present 
== ‘Engrafted’ were selected, representing lineage groups 
successfully engrafted after transplantation. Additional 
filtering was performed based on quality metrics: cells 
with mitochondrial gene percentages (pct_counts_mt) 
below 5% were retained, and those within the central, 
densely populated ranges of total counts (17,500 − 27,500) 
and detected genes (4,000–5,000) were selected, as visu-
alized by SCANPY’s pl.violin [30]. From the filtered 
dataset, 50 cells were randomly chosen to serve as the ref-
erence group. For M5k, the dataset originally contained 
approximately 100 clonal groups. We prioritized groups 
based on size (100-1,000 cells) and metastatic site diver-
sity. Selected groups included those with diverse meta-
static behaviors, such as CP017 (clone 17), CP026, and 

CP030; restricted metastasis, such as CP029, which was 
confined to the left lung; and specific site preferences, 
such as CP022 to the right lung E, CP027 to mediastinum 
1, and CP039 to the right lung W. This resulted in 1,281 
cells comprising the case group. The reference and case 
groups were combined to create a dataset of 1,331 cells. 
Genes expressed in fewer than three cells were excluded, 
leaving 15,472 genes for downstream analysis. The infer-
CNV tool was subsequently used to identify CNVs from 
the single-cell RNA sequencing data [31].

Preprocessing of ovarian cancer scRNA-seq data
scRNA-seq data for ovarian cancer were obtained from 
the VIB-KU Leuven Center for Cancer Biology [32]. This 
dataset encompasses samples across three clinical condi-
tions, ranging from normal ovaries to early and advanced 
disease stages, as well as cases from primary tumor 
sites, metastatic lesions, and chemo-sensitive or chemo-
resistant phenotypes (see Availability of data and mate-
rials). To ensure data quality, stringent quality control 
(QC) measures were implemented. Cells were filtered 
based on QC criteria, including abnormal numbers of 
detected genes (minGene > 500, maxGene < 6000), unique 
molecular identifiers (UMIs) counts (minUMI > 500, 
maxUMI < 30000), or percentages of mitochondrial gene 
expression (< 15%). Genes detected in fewer than three 
cells were excluded. Samples with poor overall quality, as 
indicated by elevated mitochondrial gene expression or 
atypical cell type proportions, were also excluded. Data 
preprocessing and integration were performed using 
Seurat (v4.3.0.1) [33]. After identifying the top 2000 
highly variable genes, PCA was conducted, and the first 
30 principal components (PCs) were retained for further 
analysis. Initial clustering was achieved using the shared 
nearest neighbor (SNN) modularity optimization algo-
rithm. To account for batch effects arising from multiple 
data sources, Harmony (v1.2.0) [34] was applied to the 
PCA space, followed by nonlinear dimensionality reduc-
tion using uniform manifold approximation and projec-
tion (UMAP). Unsupervised clustering was performed 
with a resolution parameter of 0.1, resulting in the identi-
fication of distinct cell populations.

Malignant epithelial cells were identified and distin-
guished from other cell types across all samples, resulting 
in the identification of eight major cell clusters: non-epi-
thelial cells and epithelial cells (KRT18, EPCAM, CD24). 
Batch correction was conducted using Harmony to mini-
mize inter-sample variation and ensure consistent cell 
type annotation. inferCNV was subsequently utilized to 
identify CNVs, with the selection of non-epithelial cells 
as the reference group to confirm that the detected CNVs 
were specific to tumor cells and not artifacts of sequenc-
ing or data processing. A cutoff parameter of 0.1 was 
applied during analysis. CNV scores were computed by 
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aggregating the CNV levels of cells within each subclus-
ter, providing a quantitative measure for comparative 
analysis.

Baseline methods
We benchmarked general-purpose clustering methods 
(K-means, Leiden) alongside single-cell CNV-specific 
tools (e.g., SCEVAN and Clonalscope [14, 16]). All base-
lines were run on the same preprocessed cell-by-locus 
CNV profiles.

General-purpose clustering baselines
We evaluated four commonly used partitioning strate-
gies: K-means, Leiden, Ward’s hierarchical clustering 
and neighbor joining (NJ). For K-means, the number of 
clusters K  was chosen by the elbow criterion. Leiden 
clustering was run in SCANPY with PCA preprocess-
ing under default settings unless otherwise noted [30]. 
Ward’s hierarchical clustering was performed on Euclid-
ean distances using Ward’s linkage, and the cut level was 
chosen to maximise the silhouette score. For neighbor 
joining, we first constructed an NJ tree from the pairwise 
distance matrix and then obtained a partition by cutting 
the longest internal branches; the number of groups was 
likewise selected by silhouette optimisation. As these 
algorithms return only cluster labels rather than an 
explicit evolutionary structure, we reconstructed a clone-
level lineage from the cluster centroids. By default we 
used the same MST procedure as in scRevol, and we also 
implemented NJ and Unweighted Pair Group Method 
with Arithmetic Mean (UPGMA) as alternative tree-
building strategies.

Single-cell CNV-specific baselines
Clonalscope and SCEVAN are purpose-built for single-
cell, CNV-based subclonal analysis. We followed the offi-
cial tutorials with default parameters. As these tools also 
return clusters without a native tree, we applied the same 
MST reconstruction to obtain a clone-level lineage prior 
to evaluation.

Benchmark metrics
We adapted metrics from the ICGC-TCGA DREAM 
Somatic Mutation Calling Tumor Heterogeneity and Evo-
lution Challenge (Salcedo et al. [35]), originally developed 
for bulk samples, and tailored them to single-cell analy-
ses. For clarity, we rename the selected metrics (SC1B, 
SC2, and SC3) while preserving their computational 
intent, and report their correspondence throughout 
the paper. Specifically, we use these metrics to evaluate 
agreement in the number of clones, pairwise co-assign-
ment consistency, and agreement of lineage topology, 
respectively.

Lineage-count Concordance (LCC; adapted from SC1B)
Predict the number of lineages in the sample:

	 LCC = L−d+1
L+1 � (7)

where L ≥ 1 is the true number of subclonal lineages 
and d = min(|k − L| , L + 1) is the absolute difference 
between the predicted number k and the true number 
L.

Pairwise Co-clustering Divergence (PCD; adapted from SC2)
Infer the lineage assignment of each CNV. This metric 
evaluates the alignment of CNV events within clusters 
by calculating the mean of the Area Under the Precision-
Recall curve (AUPR) and the Adjusted Jensen-Shannon 
Divergence (AJSD) between the predicted co-cluster-
ing matrix CCMPr and the true co-clustering matrix 
CCMTr, given by:

	 PCD = AUP R(CCMT r,CCMP r)+(1−AJSD(CCMT r,CCMP r))
2 � (8)

The AJSD term is used to normalize the original AJSD 
value to align with the same direction and scale as 
AUPR. The co-clustering matrix CCM is an n × n 
matrix, where CCM ij  represents the probability that 
mutation i is in the same subclone as mutation j, with 
0 ≤ CCMij ≤ 1. A perfect clustering is represented 
by setting CCM ij = 1 if mutations i and j belong to the 
same lineage, and CCM ij = 0 otherwise.

Topological Concordance (TC; adapted from SC3)
This metric assesses the similarity between the true and 
predicted matrices using the Pearson correlation coeffi-
cient (PCC):

	 TC = PCC = Cov(C,K)
σ C σ K

� (9)

where Cov(C, K) is the covariance between the 
vectorized versions of the true matrix C and the 
predicted matrix K, and σ C  and σ K  are their stan-
dard deviations. The matrices C and K are con-
structed by horizontally concatenating the following 
matrices for both the true and predicted versions: 
CCM (co-clustering matrix), ADM (ancestral relation-
ship matrix, where ADM ij = 1 if mutation i is the 
ancestor of mutation j, and 0 otherwise), ADMT (the 
transpose of ADM), CM (cousin matrix, computed as: 
CMij = 1 − CCMij − ADMij − ADMji).

To further enhance the evaluation of models, we incor-
porated the adjusted rand index (ARI) as an additional 
metric. The ARI compares the model’s clustering assign-
ments to true labels, providing a measure of clustering 
accuracy that is particularly valuable in single-cell data, 
where precise detection of genetic variations is essential. 
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In addition to ARI, we also employed normalized mutual 
information (NMI) and V-measure to assess the concor-
dance between known cell-clone labels and the cell clus-
ters identified by the algorithms.

This comprehensive approach allows for a detailed 
evaluation of how well the models delineate complex 
genetic landscapes and track evolutionary histories in 
single-cell sequencing data, offering valuable insights 
into each algorithm’s ability to navigate the intricacies of 
tumor biology.

Feature selection and consistency evaluation
To identify relevant features for clone populations, we 
performed feature selection based on cell-clone group-
ing information, utilizing frequency metrics and mutual 
information gain. Since the features represent CNVs, we 
simplified the CNV values for each feature to enhance 
clarity and ensure consistency in feature selection. Spe-
cifically, CN = 2 was categorized as “normal”, values 
greater than 2 were classified as “gain”, and values less 
than 2 as “loss”. For each feature, the frequencies of loss, 
normal, and gain were then calculated across clusters.

In the simulation experiments, where known CNV 
events were deliberately introduced, we selected features 
with a frequency greater than 0.5 as defining characteris-
tics of each cluster. This criterion assumes that the CNV 
categories occurring most frequently (i.e., in more than 
50% of the cells) best represent the defining features of 
the cluster. To evaluate the consistency of the predicted 
features, we addressed potential discrepancies between 
the true and predicted clone counts. The Hungarian opti-
mization algorithm was employed to match the predicted 
clone groups with the true clone groups, ensuring the 
most accurate alignment between predicted and actual 
clone labels [36]. After establishing the optimal match-
ing, we used the Jaccard index to assess the consistency 
of CNV features, quantifying the degree to which the 
predicted clones exhibited the same CNV events as those 
introduced in the simulation.

In lineage tracking experiments, we employed the same 
approach, calculating both the frequency and mutual 
information gain for each feature. To identify key fea-
tures for defining clone groups, we set a threshold at the 
95th percentile of the mutual information gain, selecting 
features above this threshold as the defining characteris-
tics for partitioning the clones. Enrichment analysis was 
then performed on the selected features using the Enri-
chr API from the GSEAPY package, with entries from the 
Gene Ontology 2023 database [37]. In this step, we used 
the pooled gene set of selected CNV associated features, 
without separating genes into gain and loss lists, since 
CNV direction can vary across clone groups for the same 
gene and our goal here is to capture overall differences in 

CNV patterns across clones. Only terms with an adjusted 
p-value < 0.05 were retained for interpretation. Simulta-
neously, we conducted differential gene expression analy-
sis based on the original scRNA-seq data using SCANPY, 
with groups inferred by scRevol [30].

Local Neighbourhood Consistency (LNC)
To assess lineage consistency without imposing dis-
crete tree-derived ground truth, we treated the hybrid-
prior lineage tree from the original study as a weak 
reference and quantified how well RNA-derived clus-
ters respect local tree structure. For each lineage (as 
a phylo tree), we retained tips with non-missing clus-
ter labels; if edge lengths were unavailable, they were 
set to 1. Cophenetic distances were computed, and 
for each tip we identified its k nearest neighbours 
(default k = 10; if n < k + 1, k = n − 1). The LNC 
score is the mean fraction of each tip’s neighbours shar-
ing its cluster label (lineages with < 5 evaluable tips were 
excluded).

To calibrate LNC, cluster labels were permuted 
B = 1000 times to obtain a null distribution. The normal-
ized enrichment score (LNC_NES) is (LNC − µ 0)/σ 0, 
where µ 0 and σ 0 are the null mean and standard devia-
tion; we also report a one-sided permutation p-value. For 
each method, lineage-level LNC_NES values were sum-
marized across lineages by the median and interquartile 
range (IQR).

Single-cell pseudotime analysis
We constructed single-cell pseudotime trajectories using 
the “monocle2” R package (v2.30.0) [38]. The analysis 
involved dimensionality reduction with DDRTree and 
the identification of developmental paths through a MST, 
allowing the assignment of pseudotimes to reflect cellular 
progression.

Gene set functional analysis
Gene set functional analysis was executed using the R 
packages “clusterProfiler” and “GSVA” [39, 40]. By har-
nessing the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) database, an unsupervised gene set enrichment 
analysis was performed to calculate enrichment scores 
for each gene set within each sample.

Differential expression analysis
Clonal information for each cell was mapped onto the 
RNA expression matrix. Differential gene expression 
analysis for each clone was conducted using the R pack-
age “DESeq2” [41]. Genes exhibiting an absolute log-
2FoldChange greater than 0.5 and an adjusted p-value 
less than 0.05 were considered as differentially expressed.
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Sensitivity analysis
We carried out a series of ablation experiments to exam-
ine four design choices in our framework: the number 
of samples per update, the clipping ratio in PPO learn-
ing step, the strategy used to reconstruct a tree, and the 
choice of reward function. Performance was quantified 
by LCC, PCD, and TC as reported in Additional file 2: 
Table S1-S4.

Number of samples per update
Varying the batch size from 50 to 150 mainly affected 
the stability of the learned policy (Additional file 2: Table 
S1). Using 150 samples per update gave the highest lin-
eage-count accuracy (LCC = 0.865 ± 0.111), showing that 
larger batches help the model recover the correct num-
ber of clones. However, our default setting of 100 sam-
ples per update achieved the best topological agreement 
(TC = 0.313 ± 0.201) and the highest pairwise consistency 
(PCD = 0.906 ± 0.084), indicating that moderate batches 
provide cleaner gradients without over-stretching the 
update step. The smallest batch [50] kept PCD high 
(0.904 ± 0.009) but yielded the lowest TC (0.251 ± 0.207), 
reflecting noisier tree structures. We therefore used 100 
samples per update in all main experiments.

PPO clip ratio
The clipping ratio controls how far the new policy is 
allowed to move from the previous one at each update. As 
shown in Additional file 2: Table S2, 0.2 offered the best 
overall balance: it preserved high PCD (0.906 ± 0.084) 
and reached the highest TC (0.313 ± 0.201). A tighter 
clip (0.1) slightly improved pairwise agreement 
(PCD = 0.911 ± 0.080) but did not translate into better 
topology (TC = 0.300 ± 0.254), suggesting slower explo-
ration. A looser clip (0.3) clearly degraded topology 
(TC = 0.179 ± 0.198) while not improving LCC or PCD. 
We therefore fixed the PPO clip ratio to 0.2.

Tree-construction strategies
Because several baselines only output cluster labels, we 
examined three post-hoc strategies to turn these labels 
into a lineage: MST (our default), NJ and UPGMA 
(Additional file 2: Table S3). All three retained high pair-
wise consistency (PCD ≈ 0.90), but MST produced the 
most faithful topology (TC = 0.313 ± 0.201) while keep-
ing LCC comparable (0.788 ± 0.282). NJ showed similar 
PCD (0.901 ± 0.082) but a lower TC (0.261 ± 0.168), and 
UPGMA slightly improved LCC (0.806 ± 0.262) at the 
cost of a marked drop in TC (0.177 ± 0.177), consistent 
with its stronger ultrametric assumption. These results 
support MST as the default, with NJ/UPGMA retained 
as alternatives.

Reward function
We finally compared different unsupervised criteria as 
reward signals (Additional file 2: Table S4). Using the sil-
houette coefficient led to a balanced improvement on all 
three metrics (LCC = 0.788 ± 0.282, PCD = 0.906 ± 0.084, 
TC = 0.313 ± 0.201), indicating that a joint consideration 
of intra-cluster compactness and inter-cluster separa-
tion is most aligned with the target clonal structure. In 
contrast, the Davies-Bouldin index produced notice-
ably lower LCC (0.572 ± 0.267) and PCD (0.756 ± 0.093), 
while the Calinski-Harabasz index improved LCC 
(0.823 ± 0.221) but failed to preserve topology 
(TC = 0.122 ± 0.213). We therefore adopted the silhou-
ette-based reward in all reported runs.

Runtime analysis
For the runtime comparison we distinguished between 
CNV-only workflows and RNA-input methods. For 
scRevol and the general clustering baselines (K-means, 
Leiden, Ward’s hierarchical clustering and NJ), we mea-
sured only the step that takes an already simulated CNV 
matrix and produces cluster/subclone labels. This reflects 
the scenario in which CNV profiles have been obtained 
beforehand. In this setting, simple clustering methods 
were, as expected, the fastest, and scRevol incurred a 
higher but still practical cost (Additional file 2: Table S5).

Clonalscope and SCEVAN, in contrast, were executed 
in their standard end-to-end mode, which also performs 
CNV inference from RNA. That component alone typi-
cally takes several hours using inferCNV’s cell-mode, and 
it is not included in the timings of the CNV-only meth-
ods. Their runtimes are therefore reported primarily to 
indicate the overall cost of RNA-input pipelines, rather 
than for a head-to-head comparison with scRevol or the 
clustering baselines. Within this framing, scRevol adds 
overhead but does not significantly compromise practical 
usability.

Results
Tumor evolution reconstruction framework
As shown in Fig.  1, our framework reconstructs tumor 
evolutionary trajectories from CNV matrices through a 
stepwise process involving clustering and evolutionary tree 
construction. To address noise in CNV data, the workflow 
is divided into two stages: clustering identifies represen-
tative cell populations, while tree construction infers the 
evolutionary relationships among these populations. We 
demonstrate the framework’s effectiveness through bench-
marking on simulated datasets, validation with lineage 
tracing data to capture metastatic heterogeneity, and inte-
grative functional and pathway analyses to gauge the reli-
ability of the reconstructed evolutionary trajectories.
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A key component of this framework is the label assign-
ment learning module, which employs an RL-based 
approach to refine clustering. The clustering task is for-
mulated as a MDP, where the state consists of the CNV 
matrix together with the evolving cluster label assign-
ments, and actions correspond to latent embeddings that 
are iteratively optimized by the policy. Once an action 
(i.e., a latent embedding) is specified, a clustering method 
is applied to the embedding space to reassign cluster 
labels, thereby yielding a new label assignment that con-
stitutes the next state in the MDP. In our implementation, 
label reassignment is performed with the Leiden algo-
rithm. Clustering quality is quantified through a reward 
function, with the silhouette score used as the default 
reward signal in this study, and the resulting feedback 
guides subsequent policy updates. Using the PPO algo-
rithm, the module progressively refines the embeddings 
and transitions through successive states, ultimately 
producing clusters that are both accurate and biologi-
cally coherent. These optimized clusters form the foun-
dation for constructing evolutionary trees via the MST 
algorithm, enabling efficient and biologically consistent 
reconstruction of tumor progression trajectories.

Performance evaluation of scRevol
We first evaluated scRevol in an RNA-based setting that 
mirrors our simulation workflow (Additional file 1: Fig. 
S1). Clonal structures generated by CNAsim were con-
verted into RNA-like matrices to reflect typical scRNA-
seq properties, including library-size heterogeneity, 
sparsity, and measurement noise (Methods). We com-
pared scRevol with general clustering baselines (Leiden, 
K-means, Ward’s hierarchical clustering, NJ) and with 
single-cell tumour-evolution methods (Clonalscope, 
SCEVAN) across datasets spanning multiple levels of 
clonal complexity. Clustering accuracy was assessed with 
NMI, ARI, V-measure, and LCC (Fig. 2A and B). Overall, 
scRevol showed stable performance and was frequently 
among the top performers, particularly on metrics that 
require both correct cell assignment and recovery of 
the true clone number. The main deviation occurred for 
two-clone datasets, where LCC was lower (Fig. 2B), likely 
because the Leiden-based initialization at the default 
resolution tends to split very small lineage structures and 
LCC penalizes such discrepancies more strongly when 
the true clone count is small. Utilizing frequency-filtered 
features and the Hungarian optimization algorithm 

Fig. 1  Workflow of scRevol for tumor evolution modeling and biological insights. The top part illustrates the scRevol framework, including label assign-
ment learning, clustering, and tree construction. The bottom part shows its application in tumor evolution
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Fig. 2 (See legend on next page.)
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(detailed in the Methods), we calculated the feature space 
for each cluster and measured feature similarity using 
the Jaccard index. As shown in Additional file 1: Fig. S2, 
scRevol effectively identifies subclonal populations and 
captures associated features. To examine whether clus-
tering quality translated to evolutionary structure, we 
quantified clonal consistency with PCD and assessed 
lineage topology with TC, which captures both ancestor-
descendant and non-ancestral relationships (Methods). 
In the PCD-TC space, scRevol occupied the high-agree-
ment region more consistently than alternatives (Fig. 2C). 
For qualitative inspection, two randomly chosen sam-
ples are shown (Fig.  2D and Additional file 1: Fig. S3). 
In sample 184, scRevol recovered the true clone count 
(LCC = 0.89) and attained the highest PCD (0.78), with 
a moderate TC (0.60). In sample 300, scRevol achieved 
LCC = 0.67, PCD = 0.82, and TC = 0.76, placing it within 
the top range across methods. These examples indicate 
that scRevol reconstructs clonal topology and relative 
clone sizes with high agreement to the ground truth.

Because the RNA branch introduces additional noise 
and sparsity relative to the simulated CNV matrices, we 
also benchmarked only methods that operate directly 
on CNV input, specifically scRevol and the clustering 
baselines, using CNV data with controlled noise levels. 
Across four noise levels (0.25–0.40), scRevol generally 
achieved the highest ARI and NMI (Additional file 1: 
Fig. S4). In the TC-PCD space, it remained in the high-
agreement region, whereas Ward’s hierarchical clustering 
and NJ were consistently located at lower TC/PCD values 
(Additional file 1: Fig. S5). LCC and V-measure showed 
the same trend, with scRevol more reliably preserving 
the true clone count and cell-clone assignments at higher 
noise levels (Additional file 1: Fig. S6). These CNV-only 
experiments indicate that the observed gains arise from 
the RL-guided clustering and tree-search procedure 
rather than the RNA-to-CNV conversion.

Ablation studies on PPO batch size, clipping ratio, tree-
construction strategy (MST, NJ, UPGMA) and reward 
design (silhouette, DBI, CHI) identified the default set-
ting (100 samples per update, clip = 0.2, MST, silhouette) 
as near-optimal across LCC, PCD and TC (Additional 
file 2: Table S1-S4; Methods). Runtime analysis indicated 
only a moderate overhead relative to lightweight base-
lines (Additional file 2: Table S5).

In summary, within the scope of these simulations, 
scRevol accurately recovers cell-clone structure, repro-
duces lineage topology and remains stable under added 
noise, offering a practical balance between accuracy 
and computational cost for clonal clustering and lineage 
reconstruction.

scRevol identifies clonal groups and elucidates metastatic 
heterogeneity
We evaluated scRevol on lineage-tracing data from 
Quinn et al., focusing on its ability to recover clonal 
structure [29]. In the original study, the authors uti-
lized single-cell lineage tracing to investigate metastatic 
rates and the driving factors behind metastasis, reveal-
ing significant heterogeneity. Based on cell counts and 
metastatic status, we selected seven lineage groups along 
with pre-implantation cells for analysis (details in Meth-
ods). As shown in Fig. 3A, scRevol identified 10 distinct 
clonal groups, five of which exhibited strong associa-
tions with specific lineages (e.g., c0 with CP017, c3 with 
CP026). Statistical analysis using Chi-square (Chi² = 
4012, p-value < 0.01) and Cramér’s V (0.66) confirmed 
these associations. The TreeMetRate metric, derived 
from the original study, indicated that clonal groups c0 
and c3 exhibited significant metastatic potential. We 
visualized clonal groups and lineages on a standard PCA-
UMAP embedding (Additional file 1: Fig. S7B). Baseline 
methods showed modest agreement with lineage labels 
(Leiden ARI = 0.396; K-means ARI = 0.344; Clonalscope 
ARI = 0.284; SCEVAN ARI = 0.219). In comparison, the 
scRevol embedding delineated the pre-implantation lin-
eage (c8) and the highly metastatic groups (c0, c3) more 
clearly, yielding ARI of 0.443 and a silhouette score of 
0.447 (Fig. 3B and Additional file 1: Fig. S7A).

To further investigate the relationship between clonal 
groups and genetic features, we performed feature selec-
tion using information gain and frequency thresholds 
(95% information gain cutoff, 297 genes). As shown in 
the clone-wise kernel density estimate plots (Fig. 3B) and 
the global landscape (Additional file 1: Fig. S8 and Fig. 
S9), clonal groups c0 and c3 were distinct from others, 
with most CNV features exhibiting normal levels, and 
only a small proportion showing gain or loss. In contrast, 
many other clonal groups show a higher prevalence of 
copy number gains. This pattern is consistent with the 
CNV heatmap in Fig. 3C and is more readily seen when 

(See figure on previous page.)
Fig. 2  Performance evaluation on simulated data. A Mean ARI and NMI values for seven algorithms across 485 simulated datasets. The x-axis denotes 
the mean NMI, and the y-axis denotes the mean ARI. Dashed lines represent the mean performance across all algorithms. Error bars indicate the standard 
error (s.e.) calculated from 485 datasets, with values presented as mean ± s.e. The optimal error rate for each algorithm is highlighted. B Comparison 
of algorithm performance as measured by LCC and V-measure metrics. Bars represent the mean values, with error bars indicating the standard error 
(mean ± s.e.) calculated across 485 datasets. C Density plots showing the PCD and TC scores across algorithms. Higher PCD values indicate greater con-
sistency among clones, and higher TC values reflect closer alignment with the true clonal tree topology. D Reconstructed clonal tree for sample 184. The 
top panel shows the ground-truth clonal relationships; the bottom panel shows predictions from seven methods. Node labels indicate clone identifiers; 
circle area reflects clone size; panel annotations report method-level LCC, PCD and TC
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Fig. 3 (See legend on next page.)
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cells are ordered by inferred clonal assignment (Addi-
tional file 1: Fig. S10), which allows more direct com-
parison of CNV profiles across clonal groups. To assess 
the functional relevance of these genetic features, we 
conducted gene set enrichment analysis (see Methods, 
adjusted p-value < 0.05). Among the pathways identified, 
cell-substrate junctions and focal adhesion were the most 
significant based on their adjusted p-values. Additionally, 
the pathway with the highest combined score was PERK-
mediated unfolded protein response, all of which are 
associated with metastasis [42, 43].

We then integrated gene expression to examine clone-
specific traits. Using the Wilcoxon rank-sum test, we 
analyzed the differential expression of the 297 selected 
genes across clonal groups. As shown in Fig.  3D, clonal 
group c0 exhibited low expression of CPS1, while c1 
showed high expression. This aligns with recent work by 
Chen et al., which suggests that suppression of CPS1 (as 
observed in c0) may enhance metastatic potential, while 
overexpression (as in c1) promotes proliferation [44]. 
Additionally, clonal group c4 showed high expression of 
RND3 and ROCK2, while c3 exhibited decreased expres-
sion of TFPI and ITGAV, all of which have been impli-
cated in metastasis [45–48]. To confirm the relevance 
of these genes to metastasis, we calculated Pearson cor-
relation coefficients and mutual information between 
each gene and the metastatic metric (TreeMetRate). 
In Fig.  3E (top), each point represents one gene and is 
positioned by its Pearson correlation and mutual infor-
mation with TreeMetRate. We identified 121 metasta-
sis-associated genes (absolute correlation > 0.3, mutual 
information > 0.15), of which 120 were among the 297 
selected genes. The four genes (MAP4K4, IL1R1, FHL2, 
and RNF149) showing the strongest correlations had low 
copy number variation frequencies in clonal groups c0 
and c3. In combination with the previous analyses, the 
large number of metastasis-associated genes suggests 
that each clonal group exhibits a complex metastatic pat-
tern, which contributes to the metastatic heterogeneity 
observed across different lineages.

Having established global associations across lineages, 
we next examined whether RNA-derived clones are con-
sistent with the recorder tree within individual lineages. 
This analysis is motivated by the intuition that recorder-
adjacent leaves should, on average, share a clone more 
often than distant leaves. Lineage-wise panels show that 
clone assignments from all methods only partially align 
with the same hybrid-prior tree (Additional file 1: Fig. 
S11). Even with fixed tip order and the original annota-
tions for metastatic rate (scTreeMetRate) and anatomi-
cal location, adjacent leaves often differ in rate or tissue, 
indicating that the tree does not define a unique sub-
clonal partition. Consequently, the recorder tree is not 
appropriate as a hard ground truth. We therefore treat 
it as a weak reference and assess tree locality using a 
permutation-normalized local neighbourhood consis-
tency score (LNC_NES). Across the selected lineages, 
scRevol achieved consistently high LNC_NES, matching 
or exceeding baseline methods (Fig.  3F). This indicates 
that RNA-only clusters from scRevol align well with local 
neighborhoods on the recorder tree, supporting lineage-
consistent structure without relying on hard tree-derived 
labels.

Collectively, these analyses show that scRevol captures 
clonal structure and metastatic heterogeneity, links clone 
assignments to gene-level CNV and expression signals, 
and preserves local phylogenetic neighborhoods in a 
weak-supervision setting.

CNV profiling reveals tumor differentiation and subclonal 
evolution
Tumor tissues exhibit substantial heterogeneity within 
their complex microenvironment, posing challenges for 
distinguishing tumor cells from normal cells [49]. To 
evaluate scRevol’s capability in this context, we analyzed 
rigorously controlled single-cell transcriptomic datasets 
[32]. We inferred CNV profiles for individual cells using 
inferCNV [31], which then served as input for scRevol. 
UMAP visualization revealed distinct clusters corre-
sponding to tumor and normal cells, with tumor clone 

(See figure on previous page.)
Fig. 3  Clonal group characterization and metastatic heterogeneity across lineages. A Heatmap showing the relationship between clonal groups (rows) 
and lineage groups (columns). Lineage percentages are annotated within the heatmap, and lineage distributions are visualized as donut plots below. 
The line chart on the right displays TreeMetRate and scTreeMetRate metrics for each clonal group. Data are presented as mean values. B scRevol embed-
ding and clone-specific feature enrichment. Left: embedding generated by scRevol, coloured by inferred clonal groups (ARI and silhouette score shown 
above). Right: clone-wise KDE plots in the information gain-frequency plane; dashed lines mark the fixed thresholds, and contours highlight feature den-
sity in the selected regions (upper right: high information gain and high frequency; lower right: high information gain and low frequency). C Heatmap 
of discretized CNV states (loss, normal, gain) across 297 selected genes, with cells annotated by inferred clonal groups. Functional enrichment was per-
formed on the pooled set of selected CNV-associated genes, combining genes that show gain or loss across clones. The bar chart on the right highlights 
pathway significance based on adjusted p-values and combined scores. D Volcano plot of differential gene expression across clonal groups. Top-ranking 
genes are highlighted based on significance and fold change. The x-axis represents log2(fold change), and the y-axis represents -log10(adjusted p-value). 
E Association between gene-level CNV and metastatic potential. Each point in the scatter plot (top) represents one gene (CNV feature) and is positioned 
by its Pearson correlation and mutual information with TreeMetRate. The bottom panel shows, for the four top-ranked genes, the distribution of CNV 
states (normal, gain, loss) within each inferred clonal group. F Tree-locality across methods (hybrid prior). Median LNC_NES by method; error bars show 
the interquartile range. Scores were computed on hybrid-prior lineage trees. The dashed line denotes the null expectation (NES = 0). Methods: K-means 
(red), Leiden (orange), SCEVAN (grey), Clonalscope (blue), and scRevol (green)
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purities exceeding 0.96 under the defined analysis frame-
work, as shown in Additional file 1: Fig. S12.

To further explore intratumoral heterogeneity, charac-
terized by the coexistence of multiple subclones within 
a tumor, we re-clustered cells from the SOL1307 dataset 
after excluding populations containing over 80% normal 
cells. This refined analysis facilitated the construction of 
a clonal evolution tree, illustrating hierarchical relation-
ships among tumor subclones (Fig.  4A and B). We next 
performed pseudotime analysis on the original expres-
sion profiles to relate CNV-defined subclones to con-
tinuous transcriptional trajectories. Along the inferred 
pseudotime axis, cells assigned to different subclones 
occupied distinct regions, with C4 enriched toward 

earlier positions and C0 and additional subclones dis-
tributed toward later positions (Fig.  4C and D). In line 
with the bifurcating structure of the CNV-based clonal 
tree, the pseudotime distributions were consistent with a 
separation of trajectories toward C4 on one branch and 
toward C3 and C7 on another. Similarly, cells from C3 
tended to occupy earlier pseudotime positions than those 
from C6 and C1, and C2 tended to precede C5 along the 
same axis. These patterns support the consistency of 
scRevol’s reconstructed trajectories. Functional analy-
ses identified distinct biological processes associated 
with each subclone. Subclone C0 was enriched in inter-
feron and inflammatory response pathways, indicative of 
immune cell infiltration during early tumor development. 

Fig. 4  Delineating clonal evolution and functional dynamics via scRevol analysis. Distinction between normal and tumor cells. A UMAP visualization 
depicting cellular distribution, based on embeddings and clones identified by scRevol using the SOL1307 dataset. B Topological structure of the clonal 
evolution tree, as inferred by scRevol. C Left: UMAP plot illustrating the pseudotime trajectory of clones. Right: Distribution plot of the pseudotime trajec-
tory across various stages. D Mountain plot depicting the pseudotime trajectory of clones. E Gene Set Variation Analysis (GSVA) results, displaying enrich-
ment scores for multiple gene sets across different clones
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Fig. 5 (See legend on next page.)
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In contrast, subclone C2 was linked to DNA repair and 
G2M checkpoint pathways, suggesting increased prolif-
erative potential and malignancy as tumor evolution pro-
gressed (Fig. 4E).

For context, we additionally provide clonal tree visual-
izations derived from SCEVAN and Clonalscope on the 
same dataset in Additional file 1: Fig. S13. We also per-
formed a side-by-side comparison with SCEVAN and 
Clonalscope focusing on a biologically interpretable sig-
nal. As shown in Additional file 1: Fig. S14, scRevol yields 
a clone enriched for BRCA1/BRCA2-high cells. We used 
BRCA1/BRCA2 as canonical homologous-recombination 
genes with established relevance in ovarian cancer; high 
expression provides a concise, function-linked readout 
of coherence. Under the same preprocessing and thresh-
olds, SCEVAN and Clonalscope distribute BRCA1/
BRCA2-high cells more diffusely across multiple clusters, 
with no single cluster showing comparable enrichment.

Together, these results indicate that scRevol resolves 
subclonal structure in a manner consistent with tra-
jectory-based ordering, while recovering a function-
ally interpretable clone marked by BRCA1/BRCA2-high 
expression in this dataset.

Revealing subclonal structures across primary and 
metastatic lesions
Metastatic lesions originate from specific clonal popu-
lations within the primary tumor, acquiring genetic and 
phenotypic adaptations to survive and proliferate in dis-
tant microenvironments. Tracing these metastatic-ini-
tiating clones provides insights into tumor progression 
and metastasis [50–53]. To investigate this, single-cell 
transcriptomic datasets from ovarian cancer, encom-
passing both primary and metastatic lesions, were ana-
lyzed. As depicted in Fig. 5A and B, data from multiple 
anatomical locations, including the ovary, omentum, and 
peritoneum, were classified into distinct tumor clones 
using scRevol. Notably, subclone C5 was identified across 
all three sites, suggesting a common origin in the pri-
mary lesion followed by dissemination to metastatic 
locations (Fig.  5C). In addition to this shared subclone, 
unique subclones were detected in specific microen-
vironments. Subclones C1, C2, C3, C4, C6, C7, C8, and 
C9 were exclusive to the peritoneum, while subclones 
C10 and C11 were specific to the omentum. Differential 
gene expression analysis highlighted molecular features 
of these subclones, with the most highly upregulated and 

downregulated genes annotated for each, as illustrated 
in Fig.  5D. Compared to C5, these unique subclones 
emerged later in the evolutionary timeline, reflecting the 
dynamic nature of tumor evolution and the development 
of tissue-specific clonal structures.

Pseudotime analysis placed C5 near the central region 
of the inferred trajectory, with cells from C0 and C10 
tending to occupy earlier positions and other subclones 
distributed toward later regions, as shown in Fig. 5E and 
F. Tumor cells from the ovarian primary site were posi-
tioned earlier along the pseudotime axis than those from 
the peritoneum.Together, the CNV-defined subclones 
and their distribution along pseudotime provide a coher-
ent view of multi-site progression across primary and 
metastatic lesions. Functional analysis in Fig.  5G bio-
logical distinctions among subclones. Subclones C5, C4, 
and C3 were enriched in interferon and inflammatory 
response pathways, indicating active immune cell infiltra-
tion during the early stages of tumor evolution. By con-
trast, subclones C0 and C10 were associated with TGFβ 
and WNT signaling, consistent with immune suppres-
sion in later stages.

In summary, scRevol provides a framework for ana-
lyzing multi-site tumor evolution. It identifies subclones 
shared between primary and metastatic lesions and 
detects tissue-specific subclone populations, offering 
insights into tumor progression and metastasis.

Discussion
In this study, we present scRevol, a computational frame-
work designed to reconstruct tumor evolutionary tra-
jectories and assess clonal heterogeneity by integrating 
reinforcement learning-based clustering with evolu-
tionary tree construction. Analyses of both simulated 
and clinical datasets underscore the method’s capac-
ity to resolve clonal structures from CNV data and to 
infer biologically meaningful trajectories. Specifically, 
in the lineage tracing dataset, scRevol identified clonal 
groups closely associated with high metastatic potential, 
in agreement with the original lineage-tracing obser-
vations and offering additional insights into the genetic 
profiles of these clones. Additionally, analyses of ovar-
ian cancer datasets revealed the progression of meta-
static clones across distinct anatomical sites, providing 
a more nuanced view of clonal relationships and meta-
static potential. Together, these results highlight scRevol’s 

(See figure on previous page.)
Fig. 5  scRevol-inferred clonal dynamics and functional profiles in HGSOC. A UMAP visualization of clone distribution across various anatomical sites, as 
inferred from the dataset using scRevol. B Topological structure of the inferred clonal evolution tree. C Distribution of clones across different anatomical 
sites, including the omentum, ovary, and peritoneum. D Circular plot illustrating differentially expressed genes for each clone. The top three upregulated 
(yellow) and bottom three downregulated (purple) genes are annotated. E UMAP plot depicting the pseudotime trajectory of clones, which are divided 
into three major branches. F Mountain plot depicting the pseudotime trajectory of clones, with color gradients representing density (red for high and 
blue for low). G Heatmap presenting GSVA results, used to determine the biological functions associated with each clone
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promise as a tool for unraveling tumor progression and 
metastatic heterogeneity.

Despite these encouraging outcomes, several areas 
for future improvement merit consideration. One key 
challenge lies in the limited use of lineage tracing data 
for benchmarking. Lineage tracing, which integrates 
CRISPR-induced edits with scRNA-seq, provides tempo-
ral lineage trajectories alongside transcriptomic profiles 
from the same cells. Although scRevol relies on scRNA-
seq data for CNV inference and modeling, lineage trac-
ing datasets offer a distinct advantage for benchmarking 
clonal evolution models because of their relatively high 
temporal resolution. Unlike simulated datasets, lin-
eage tracing captures the in vivo dynamics of tumor 
evolution and serves as a ground truth for evolutionary 
reconstructions. However, discrepancies emerge due to 
differences in temporal resolution: CRISPR-induced edits 
often accumulate more rapidly than CNV events, lead-
ing to inconsistencies between lineage trajectories and 
CNV-based models. For example, subclones originating 
from the same progenitor cell may proliferate extensively 
without acquiring detectable CNV changes, complicat-
ing dataset integration for evaluation purposes. While 
preliminary attempts to address these challenges have 
been made, the study did not fully exploit the potential 
of lineage tracing data, which could have added substan-
tial credibility to the results. Further methodological 
advancements are needed to resolve these integration 
challenges and harness lineage tracing data effectively for 
benchmarking clonal evolution models.

A promising avenue for future work involves the devel-
opment of biologically informed reward functions. While 
unsupervised metrics such as the silhouette score provide 
a useful signal of cluster compactness and separation, 
incorporating prior biological knowledge into the reward 
could guide the policy toward solutions that are more 
biologically coherent and easier to interpret. Further, an 
end-to-end formulation that jointly optimizes cluster 
assignments and tree structure may reduce redundancy 
and improve both computational efficiency and biologi-
cal fidelity. In the current implementation, the tree is 
reconstructed from distances between clone-centroid 
CNV profiles to retain interpretability. A natural exten-
sion is to explore whether the learned latent embedding 
can provide an alternative notion of clone-to-clone prox-
imity, and whether embedding-based distances improve 
robustness or biological coherence when integrated into 
such an end-to-end objective.

Conclusions
Collectively, our results present scRevol as an RL-based 
framework that integrates CNV-guided clustering with 
evolutionary tree reconstruction to infer tumor tra-
jectories from single-cell transcriptomic data. Across 

simulated datasets, scRevol recovered clonal composi-
tion and lineage topology with stable performance under 
varying noise conditions, and in lineage-tracing and 
ovarian cancer cohorts it delineated clones that reflect 
metastatic heterogeneity, subclonal diversification and 
site-specific functional programs. By jointly analyzing 
CNV profiles, gene expression and pathway-level signa-
tures, the framework offers a practical means to resolve 
clonal architecture and approximate progression tra-
jectories in diverse tumor settings. Further refinement, 
including deeper integration of lineage-tracing informa-
tion and biologically informed reward functions, will be 
important to extend its scope and interpretability. Within 
these bounds, scRevol provides a useful addition to com-
putational approaches for studying tumor evolution and 
clonal dynamics at single-cell resolution.
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