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Abstract 

We present SCITE-RNA, a novel phylogenetic tree inference method designed 
for single-cell RNA sequencing data which takes reference and alternative read counts 
of single-nucleotide variants as input. Our approach uses a maximum-likelihood 
random-scan greedy search that alternates between cell lineage tree and mutation 
tree representations to escape local optima until convergence is achieved in both. We 
demonstrate superior performance on simulated data compared to existing methods. 
Furthermore, we show its applicability to cancer single-cell RNA sequencing data, 
where it allows us to link evolutionary trajectories of cells to their gene expression 
profiles.
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Background
Recent advancements in sequencing technologies have led to an increase in the avail-
ability of single-cell sequencing data and the development of new computational tools 
[10]. In contrast to conventional methods such as bulk sequencing, single-cell sequenc-
ing technologies provide higher resolution for analyzing the heterogeneity of cell pop-
ulations. In single-cell RNA sequencing (scRNA-seq), amplified complementary DNA 
(cDNA) obtained by reverse transcription of RNA is sequenced [25]. Since the transcrip-
tome is transcribed from the genome, scRNA-seq can indirectly provide genetic infor-
mation about the expressed genomic regions, along with providing insights into the gene 
expression profiles of cells [10]. It is therefore, in principle, also informative about the 
evolutionary relationships among cells. Phylogenetic inference aims to reconstruct these 
evolutionary histories from observed heritable traits, such as genetic variations.

For single-cell DNA sequencing data, which directly measures genetic varia-
tion in the DNA, various phylogenetic tree inference methods have been developed 
[12, 15, 16, 18–20, 31–33]. However, its adoption remains limited due to high costs 
[21]. More commonly used are bulk DNA sequencing, as well as scRNA-seq [21]. 
scRNA-seq technologies include full-length protocols such as Smart-seq2 [25], and 
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high-throughput 3’-end methods [39] as offered by 10x Genomics. Full-length meth-
ods typically offer greater sensitivity for gene detection, with lower technical noise, 
higher coverage and fewer dropout events compared to 3’-end protocols, which addi-
tionally suffer from 3’-end coverage biases [13, 37]. Nonetheless, 3’-end methods are 
advantageous for detecting rare cell populations due to their higher cell throughput 
[37].

Most scRNA-seq-based phylogenetic tree reconstruction methods rely on single-
nucleotide variants (SNVs), and therefore benefit from the aforementioned advan-
tages of full-length technologies like Smart-seq2 compared to 3’-end methods. 
scRNA-seq tree inference methods include DENDRO [40], SClineager [23], Phylin-
Sic [22], Canopy2 [38], and PhylEx [14]. Both DENDRO and SClineager use alterna-
tive and reference allele read counts of transcribed SNVs as input. DENDRO then 
computes a pairwise genetic divergence matrix between cells and clusters the cells 
based on this matrix into clones [40]. SClineager aims to overcome drop-out by using 
a Bayesian hierarchical model with Markov Chain Monte Carlo (MCMC) sampling 
to infer the true variant allele frequencies of the cells. These are then used to build 
clonal trees by hierarchical clustering methods [23]. PhylinSic calls SNVs and infers 
a nucleotide sequence from the read counts of the mutated loci before tree inference. 
Then it uses BEAST2 [1] models to infer phylogenetic cell lineage trees [22]. Both 
PhylEx and Canopy2 integrate bulk DNA data with scRNA-seq data to reconstruct 
clonal trees. Phylex [14] uses a tree-structured stick breaking process and Canopy2 
[38] a Bayesian hierarchical model with MCMC sampling.

The existing methods have several limitations. SClineager and DENDRO rely on 
clustering cells into a limited number of clones, which may lack resolution and not 
accurately reflect the true phylogenetic structure. By calling genotypes from reference 
and alternative read counts before reconstructing the phylogeny, PhylinSic does not 
fully account for the read count information during tree inference. PhylEx’s and Can-
opy2’s use of bulk DNA data poses limitations when only scRNA-seq data is available. 
Another common problem of tree optimization methods that explore the tree space, 
such as PhylinSic, PhylEx, and Canopy2, is their tendency to become trapped in local 
optima, which might be difficult to escape from.

In this paper, we present Single-Cell Inference of Tumor Evolution from RNA 
sequencing data (SCITE-RNA), a tree inference method for scRNA-seq data. SCITE-
RNA takes reference and alternative read counts of SNVs called from scRNA-seq data, 
selects potentially mutated loci, and reconstructs a phylogenetic tree of the sequenced 
cells. In the inference we greedily optimize over cell lineage and mutation trees, by alter-
nating between these two tree spaces. This approach is fast and has the ability to escape 
local optima, because a simple tree move in the mutation space, such as reattaching a 
subtree at a new location, can lead to major changes in the structure of the cell line-
age tree and vice versa. Using SCITE-RNA we address some of the limitations of exist-
ing approaches: (1) SCITE-RNA does not rely on additional data sources like bulk DNA 
sequencing, (2) it does not assume a certain number of clones in advance, (3) it spe-
cifically addresses the problem of getting trapped in local optima, and (4) it can estimate 
important parameters, such as the dropout probability, directly from the data.
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We show superior performance of SCITE-RNA on simulated data for difficult tree 
reconstruction problems involving a large number of clones. Additionally, we demon-
strate its ability to reconstruct plausible phylogenies on several real cancer scRNA-seq 
datasets.

Results
We first present a short overview of the SCITE-RNA method, followed by a comparative 
evaluation on both simulated and real scRNA-seq datasets. We benchmark our model 
against existing phylogenetic tree inference approaches for scRNA-seq data.

Method overview

SCITE-RNA (Fig.  1) takes as input reference and alternative read counts from SNVs 
across individual cells. For each cell–mutation pair, it computes a likelihood based on 
a model of scRNA-seq data involving the observed read counts, the inferred genotype 
and model parameters such as the dropout rate. Using these likelihoods, the algorithm 
obtains the likelihood of any given mutation or cell lineage tree. For cell lineage trees, 
nodes represent individual cells and the binary tree structure captures the evolution-
ary relationships between them. For mutation trees, nodes correspond to mutations, 
and the tree encodes the order in which mutations occurred. We do not model branch 
lengths for either tree type. SCITE-RNA employs a greedy optimization strategy that 
iteratively explores the tree spaces via random pruning and reattachment operations. 
Since this process is stochastic, the inferred tree and its likelihood can vary from run to 
run. After each optimization round, the tree is converted to its alternative representa-
tion, either from a cell lineage tree to a mutation tree or vice versa (Fig. 2). This itera-
tive process of tree optimization and space switching is continued until the likelihood 
reaches an optimum in both spaces. Finally, based on the inferred genotypes obtained 

Fig. 1  SCITE-RNA method overview. First, RNA of single cells is sequenced, followed by the selection of 
potentially mutated loci. We then obtain a likelihood for the read counts of each cell–mutation pair given the 
inferred genotypes and hence a joint likelihood for any given cell lineage tree or mutation tree. To find the 
maximum likelihood tree, we explore the tree space greedily with simple tree moves. Once a set of moves is 
completed, the tree is converted into the alternative space, where the exploration continues. This process is 
repeated until the tree hits a local optimum in both spaces. Using the genotypes inferred by the final tree, we 
optimize the model parameters to better fit a specific dataset and continue with the second round of tree 
optimization
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from the optimized tree, SCITE-RNA refines model parameters such as the dropout 
rate and overdispersion parameters. They influence the probability of observing specific 
reference and alternative read counts given a genotype and can vary across datasets or 
even across individual SNVs. The parameter optimization thus also enables the model to 
better account for RNA-specific phenomena, such as monoallelic expression and imbal-
anced biallelic expression of different genes. The updated parameters are then used in 
a second round of tree inference since the optimal tree structure may depend on the 
model parameters. The output of SCITE-RNA composes both the tumor single-cell phy-
logeny and the inferred genotypes (Fig. 1). A complete description of the methodology 
can be found in the Methods section.

Performance evaluation on simulated data

Comparison of tree space optimization strategies

To compare optimization in different tree spaces (Fig.  3), we conducted a simulation 
study using three distinct configurations of cells and SNVs: more SNVs (100 cells, 500 
SNVs), balanced (500 cells, 500 SNVs), and more cells (500 cells, 100 SNVs). We simulate 
100 random binary cell lineage trees with randomly placed mutations in each. Tree opti-
mization is compared across four approaches: optimizing only in cell lineage tree space 
(c), only in mutation tree space (m), and alternating between the two, starting in either 
cell tree space (cm) or mutation tree space (mc).

We compare the likelihood of the optimal trees to that of the ground truth trees, nor-
malized by the number of cells and SNVs. Values greater than 0 indicate that the inferred 
trees have a higher likelihood than the ground truth trees, which is possible due to finite 
sample noise.

As shown in Fig.  3, SCITE-RNA finds high-likelihood trees for all approaches, with 
the exception of solely optimizing in the mutation tree space (m) for larger numbers of 
SNVs. The benefit of switching between tree spaces becomes more pronounced when 

Fig. 2  Swapping between tree spaces. The cell lineage tree on the left has been optimized by pruning and 
reattaching subtrees of cells. It is converted into a mutation tree representation (middle). Mutations placed 
on the same edge are assigned a random order during the tree space swapping. A simple move in the 
mutation tree space, for example, moving a single mutation (No. 6) to a new location, increases the likelihood 
of the tree. Swapping back to the cell lineage tree representation, the simple move in the mutation tree, 
combined with random sampling among equivalent tree conversions, has resulted in significant changes to 
the cell lineage tree
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the number of cells is similar to the number of SNVs. When the number of SNVs is 
larger than the number of cells, optimizing the cell tree space is more effective due to its 
smaller size. The opposite, but less pronounced effect is observed, when the number of 
SNVs is smaller than the number of cells.

For an equal number of cells and SNVs, we observe that the likelihood, when switch-
ing between tree spaces, is usually higher compared to optimizing in a single tree space. 
When averaging across multiple runs, tree inference with space switching consistently 
performs at least as well as, and often superior to, the best results obtained by optimiza-
tion in either tree space alone. This trend holds robustly across all tested combinations 
of cell and mutation counts.

Comparison with existing methods

We compare the performance of SCITE-RNA to DENDRO [40], SClineager [23] and 
PhylinSic [22] on simulated data. Like SCITE-RNA, both SClineager and DENDRO 
work with reference and alternative allele counts derived from scRNA-seq data. To run 
PhylinSic, we slightly adapt their pipeline to call genotypes and infer a maximum clade 
credibility tree on the simulated reference and alternative read counts (see Additional 
file 1: Section A.1 for more details).

The evaluation focuses on the accuracy of predicted genotypes and the similarity of 
the inferred tree structure to the true tree. We quantify these aspects by calculating 
the mean absolute error of the predicted variant allele frequencies, the Path Difference 
between the ground truth and predicted trees (adapted from [34]; see Additional file 1: 
Section A.2 for further details), and the normalized Robinson-Foulds distance [28]. We 

Fig. 3  Comparison of tree optimization strategies across different configurations of cells and SNVs. The upper 
row shows the normalized log-likelihood (LL) difference between the optimized trees and the ground truth 
trees. Values above 0 indicate, that the optimized trees have a higher likelihood than the true trees. The lower 
row shows the normalized log-likelihoods after subtracting the log-likelihoods of the trees optimized solely 
in the cell lineage tree space. This highlights the differences in achieved optimal log-likelihood for individual 
runs. Tree optimization is compared across four approaches: optimizing only in cell lineage tree space (c), 
only in mutation tree space (m), and alternating between the two, starting with either cell tree space (cm) or 
mutation tree space (mc)
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simulate trees with 50 cells and 500 SNVs, along with a variable number of clones, repre-
senting cells with the same genotype (Fig. 4). We chose a relatively small number of cells 
and large number of SNVs, as this configuration is similar to the real datasets we explore 
below. We generate random cell lineage trees with 5, 10, 20, and 50 clones. For each 
number of clones, we simulate 100 trees with reference and alternative read counts for 
each cell–locus pair (see Additional file 1: Section A.1 for more details).

As shown in Fig. 4, SCITE-RNA clearly and consistently outperforms the other meth-
ods in inferring the genotypes in all settings, while it reconstructs more accurate tree 
structures in most settings. In contrast, the genotype calling and smoothing procedure 
of PhylinSic results in poor genotype predictions on our simulated datasets. The Robin-
son-Foulds distance shows a benefit of using SCITE-RNA in most settings, only for five 
clones it is comparable to PhylinSic. The benefit of using SCITE-RNA for tree inference 
increases with increased clonal complexity. However, for very small numbers of clones, 
the Path Difference to the true tree is slightly smaller for DENDRO, SClineager and 
PhylinSic. This worse performance for small numbers of clones is because SCITE-RNA 
assumes that SNVs/cells are independently placed on the tree to factorize the likelihood, 
an assumption that does not hold when only a few clones are present. Combined with 
the noisy nature of the data, this leads to overfitting in the SCITE-RNA trees, as our 
model does not impose any constraints on the number of clones.

As SClineager and DENDRO use clustering to generate the tree structure, we also pro-
vide a comparison of our method using the same hierarchical clustering approach based 
on the predicted variant allele frequencies (see Additional file 1: Section A.3). With clus-
tering, SCITE-RNA outperforms SClineager and DENDRO even for small numbers of 

Fig. 4  Comparison of SCITE-RNA to DENDRO, SClineager and PhylinSic based on the Path Difference, 
the mean absolute error of the predicted variant allele frequencies (MAE VAF) and the normalized 
Robinson-Foulds (RF) Distance. The datasets simulate a variable number of clones with an increasing 
clonal complexity from left to right. SCITE-RNA outperforms the other methods in tree reconstruction for 
datasets with a higher number of clones and demonstrates superior accuracy in inferring true variant allele 
frequencies across all settings
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clones, in terms of both tree reconstruction and cell-to-clone assignment (Additional 
file 1: Fig. S1). For larger numbers of clones, however, SCITE-RNA without clustering 
achieves a larger improvement in performance over DENDRO and SClineager compared 
to the clustered approach (Additional file 1: Fig. S2).

Another approach to reduce overfitting a particular dataset is to generate a consensus 
tree from a set of bootstrapped trees using DendroPy [35] (see Additional file  1: Sec-
tion  A.3). This improves both tree reconstruction and genotype prediction, especially 
at low clonal complexity (Additional file 1: Fig. S2). For moderate and higher number of 
clones, the consensus tree outperforms the clustered tree, though the improvement over 
standard SCITE-RNA is modest. The runtime, however, increases linearly with the num-
ber of bootstrap samples, as a tradeoff for the possible improvements in accuracy. We 
apply this approach on the smaller real datasets as well, as it yields more stable results 
than individual runs (see Application to cancer data section). For larger trees, the low 
number and small size of matching clades (Additional file 1: Fig. S3), makes the building 
of maximum clade credibility trees from bootstrap samples difficult.

When varying simulation parameters and including additional mutation events like 
homoplasy and copy number alterations we observe a slight deterioration in perfor-
mance for SCITE-RNA for higher levels of noise, lower coverage and a larger fraction 
of loci affected by additional mutation events. The impact of copy number alterations 
and homoplasy on the tree reconstruction remains limited, while genotype inference is 
more sensitive to these perturbations. However, SCITE-RNA consistently outperforms 
the alternative methods across all tested settings (see Additional file 1: Section A.4 and 
Figs. S4-S6).

SCITE-RNA maintains its superior performance on larger datasets with 1 million cell–
mutation entries in the following configurations: 5,000 cells and 200 mutations, 2,000 
cells and 500 mutations, 1,000 cells and 1,000 mutations, 500 cells and 2,000 mutations, 
and 200 cells and 5,000 mutations (see Additional file 1: Section A.5 and Fig. S7).

Regarding runtime, PhylinSic requires the most computational time in most set-
tings, taking about 540 seconds on average to run the tree inference for 100 cells and 
100 mutations, followed by SClineager with about 50 seconds for the same dataset (see 
Additional file 1: Fig. S8). DENDRO is the fastest finishing in less than a second even for 
datasets with a couple hundred cells and mutations. On similar datasets it takes a few 
seconds to run SCITE-RNA with two optimization rounds. On large datasets with thou-
sands of cells or mutations, SCITE-RNA is still the second fastest model with a runtime 
of about an hour for a dataset with 1,000 cells and 1,000 mutations, while SClineager 
and PhylinSic both take more than a day to finish. SCITE-RNA therefore offers the best 
overall performance, at a relatively low computational cost compared to models using 
MCMC such as SClineager and PhylinSic.

Application to cancer data

We applied our model to two scRNA-seq datasets from multiple myeloma patients, with 
identifiers MM16 and MM34 [8, 30]. The MM34 dataset includes 127 cells collected 
via bone marrow biopsy from the primary tumor and metastatic cells obtained from 
an ascites punctuation after two months of unsuccessful treatment [8, 30]. The MM16 
dataset contains 46 cells sampled from a bone marrow biopsy at diagnosis and again 
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six months later during a minimal residual disease state following chemotherapy. Addi-
tionally, we demonstrate the scalability of our approach by applying it to a glioblastoma 
dataset (BT_S2), which contains 1,169 cells collected from both the tumor core and peri-
tumoral tissue [5].

After preprocessing and filtering using STAR for read alignment [6] and Haplo-
typeCaller for variant calling [26], we retained 1,015 SNVs in MM16, 1,528 SNVs in 
MM34, and 969 SNVs in BT_S2 for phylogenetic tree inference (see Additional file 1: 
Section A.6).

We ran two rounds of tree inference and parameter optimization, from which we use 
the results of the second round. More information on the parameter optimization can be 
found in Additional file 1: Section A.7. In addition we generated consensus trees from 
1,000 bootstrap samples for the multiple myeloma datasets to assess uncertainty in the 
tree structure (see Additional file 1: Section A.3).

In the MM16 dataset, our inferred trees (Fig.  5) show a partial separation between 
pre-treatment and post-treatment cells, with some post-treatment cells (in blue) appear-
ing more closely related to the primary tumor cells (in red). This observation aligns with 
findings from the original study [8], which identified five post-treatment cells as surviv-
ing tumor cells based on copy number alterations. In contrast, DENDRO separates the 
two samples into two almost completely distinct branches, which does not align with five 
of the post-treatment cells indeed being tumor cells similar to the pre-treatment cells. 
SClineager and PhylinSic predict more intermixing of pre- and post-treatment cells but 
also do not reflect the expected five cells that should appear more closely related to the 
pre-treatment cells. When comparing automatically assigned clones to the classification 
of post-treatment and primary tumor cells, SCITE-RNA and DENDRO both achieve the 
highest Adjusted Rand Index (ARI) scores [11, 27] of 0.473 (see Additional file 1: Sec-
tion A.3 and Fig. S9).

For patient MM34, our method identifies a clear split between primary and metastatic 
tumor cells, with metastasis-derived cells forming a distinct subtree (Fig. 6). The consen-
sus tree topology supports a linear evolutionary model, consistent with the interpreta-
tion of the authors of the original study [8]. This expected separation between primary 
and metastatic tumor cells is similarly revealed by PhylinSic, but not captured as clearly 
in the tree inferred by DENDRO and even less so in the tree inferred by SClineager. This 
is also reflected in the ARI scores for automatic clone assignment, where SCITE-RNA 
and its consensus tree achieve the highest values of 0.938 and 0.969, respectively (see 
Additional file 1: Section A.3 and Fig. S10).

For BT_S2 we use the provided cell type annotations, which were derived in the origi-
nal study by clustering gene expression data [5]. The authors used copy number profiles 
estimated from the scRNA-seq data to validate the split between tumor cells and other 
cell types [5]. In the inferred SCITE-RNA tree, neoplastic cells indeed predominantly 
form a distinct branch containing 85% of all the tumor cells with 93% purity, while the 
remaining parts of the tree contain 95% of healthy cells with a purity of 89% (Fig.  7). 
Neither SClineager nor PhylinSic reveal plausible phylogenetic relationships among the 
cell types and instead show a lot of intermixing. Although DENDRO clusters cells into 
distinct cell types, neoplastic cells are dispersed across multiple branches.
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The observed read counts show patterns of missing data and varying read depths, 
which differ among cell types, likely due to variations in copy number and gene expres-
sion (Fig.  7). To assess the informativeness of read depth, we performed hierarchi-
cal clustering using Ward’s method based on correlation distance and assigned cells to 
clones by applying flat clustering to the linkage matrix using SciPy’s fcluster [36]. 
For assigning cells to the seven known cell types, hierarchical clustering achieved the 
highest ARI score of 0.445, followed by 0.414 for DENDRO and 0.205 for SCITE-RNA. 
In contrast, when assessing the binary split into healthy and cancer cells, SCITE-RNA 
outperformed the other methods with an ARI score of 0.615, compared to 0.315 for hier-
archical clustering and 0.202 for DENDRO. Both SClineager and PhylinSic yielded ARI 
scores around 0 (see Additional file 1: Section A.3 and Fig. S11).

Fig. 5  Application of SCITE-RNA, DENDRO, PhylinSic and SClineager on multiple myeloma dataset MM16. A 
consensus tree was generated from 1,000 bootstrap samples. Red nodes represent primary tumor cells and 
blue nodes indicate post-treatment cells. The thickness of the splits in the consensus tree reflects the support 
for each split. Below the trees, we show the expression levels of selected genes, with columns ordered 
according to the circular leaf order of the SCITE-RNA consensus tree. The gene RGS1 is highlighted in pink
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In addition to the tree structure, scRNA-seq data enables us to explore gene expres-
sion patterns across the inferred phylogenies (Figs. 5, 6, and 7). We visualize the expres-
sion of several genes highlighted by Fan et al. [8] for their potential relevance to multiple 
myeloma, ordering cells left to right via depth-first traversal of the SCITE-RNA tree. 
The expression patterns seem to reflect the branching structure of the tree, despite some 
cells originating from different samples. They also provide additional biological sup-
port: In MM16, for instance, the gene RGS1 (regulator of G-protein signaling 1, high-
lighted in Fig. 5), which is associated with poor prognosis in multiple myeloma [29], is 
markedly more expressed in the branches closely related to the pre-treatment cells. In 
MM34, CTSB (Cathepsin B, highlighted in Fig. 6), whose overexpression is known to be 

Fig. 6  Application of SCITE-RNA, DENDRO, PhylinSic and SClineager on multiple myeloma dataset MM34. 
A consensus tree was generated from 1,000 bootstrap samples. Red nodes correspond to primary tumor 
cells, while blue nodes indicate metastasis cells. The thickness of the splits in the consensus tree reflects 
the support for each split. Below the trees, we show the expression levels of selected genes, with columns 
ordered according to the circular leaf order of the consensus SCITE-RNA tree. The gene CTSB is highlighted in 
pink
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associated with various cancers [24], shows substantially higher expression in the metas-
tasis branch compared to primary tumor cells. For BT_S2, we highlight genes identi-
fied in [5] and, for example, confirm their finding that EGFR (Epidermal Growth Factor 
Receptor) and SOX9 (SRY-box transcription factor 9) are upregulated in the cancer 
branch, whereas CD86 (Cluster of Differentiation 86) is downregulated.

Discussion
We have proposed SCITE-RNA for inferring phylogenies from scRNA-seq data using 
SNVs and demonstrated that it outperforms existing approaches on simulated data-
sets (Fig.  4). Two alternative methods, DENDRO [40] and SClineager [23], focus on 
identifying a small number of cell clones and may miss more fine-grained biological 

Fig. 7  Application of SCITE-RNA, DENDRO, PhylinSic, SClineager and hierarchical clustering on glioblastoma 
dataset BT_S2. Blue nodes represent neoplastic cells, red immune cells, purple oligodendrocyte progenitor 
cells, green neurons, orange astrocytes, brown oligodendrocytes and pink vascular cells. Below the trees, we 
show the expression levels of selected genes, with columns ordered according to the circular leaf order of the 
SCITE-RNA tree. The genes EGFR, SOX9 and CD86 are highlighted in pink. In the second row we show the read 
depths per locus ordered by cell type, which are indicated by the same color as the nodes
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heterogeneity that SCITE-RNA can capture. Although PhylinSic [22] shows slightly bet-
ter performance than DENDRO and SClineager, it is computationally slower and still 
generally underperforms compared to SCITE-RNA.

To further validate our method, we applied SCITE-RNA to two multiple myeloma 
and one glioblastoma dataset. The inferred phylogenies demonstrate more biologically 
plausible evolutionary relationships among cells from different samples compared to 
those generated by DENDRO, PhylinSic and SClineager (Figs. 5, 6 and 7). Our PhylinSic 
results for datasets MM16 and MM34 differ slightly from the original publication [22]. 
Likely reasons are differences in the variant calling and filtering as well as stochasticity in 
the tree inference. For example, in the MM34 dataset, PhylinSic’s original inferred tree 
placed two primary tumor cells among the metastasis cells. In contrast, our PhylinSic 
analysis identified one metastasis cell, which had the highest proportion of missing data, 
as more closely related to the primary tumor cells, suggesting a potential misclassifica-
tion of this cell (Fig. 6).

In the glioblastoma dataset BT_S2, our method achieved the best separation between 
neoplastic and healthy cells into two distinct branches, though it did not distinguish 
between specific healthy cell types (Fig. 7). This separation suggests substantial differ-
ences in mutational profiles between cancerous and noncancerous cells, but weaker 
differences among healthy cell types. We further demonstrate that read depth, which 
is influenced by gene expression, copy number alterations, and potential noise or batch 
effects, carries additional information that can aid in subdividing healthy cells into dis-
tinct types during tree inference. Importantly, the use of scRNA-seq data allows for the 
mapping of gene expression values onto the tree structure. This not only provides sup-
port for the inferred trees but also potentially enables the study of gene expression and 
cellular functions at a clonal level.

Inferring trees with hundreds or even thousands of cells and mutations requires a fast 
tree optimization algorithm. To address this, we employ random-scan greedy search and 
space-swapping, where moves in each space are easy to compute efficiently, even though 
they might be equivalent to complex and computationally expensive moves in the other 
space (Fig. 2). Our results show that alternating between cell and mutation tree spaces 
yields superior results, particularly when both mutation tree optimization and cell line-
age optimization are similarly effective (Fig. 3). While maximum-likelihood phylogenetic 
tree inference has been shown to be NP-hard [3], for many problems in phylogenetic 
inference it has been established that the complexity is (super)-exponential either in the 
number of cells or in the number of mutations, depending on the algorithm used [9]. By 
switching spaces we may be benefiting implicitly from whichever is the lower complex-
ity, and there may be interesting theoretical and complexity questions arising from con-
sidering algorithms like ours that work in both spaces. In practice, even if optimization 
in one of the two spaces is suboptimal, jointly optimizing across both spaces is, generally, 
at least as effective as the better-performing individual space. Consequently, tree space 
switching is more robust regardless of the ratio of number of cells to SNVs. The tree like-
lihood of the inferred trees using tree space swapping was generally higher compared to 
the ground truth tree (Fig. 3). This highlights that the algorithm is achieving its objective 
of optimizing the trees well.
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Nevertheless, overfitting remains a concern, particularly with noisy data. One cause 
is that placing each mutation at its individually optimal position in the tree may not 
yield a globally optimal solution. To mitigate this risk, an approach could be to penal-
ize the number of edges with mutations for cell lineage trees and attachment points of 
cells in the mutation tree space to reduce the number of inferred clones. Alternatively, 
bootstrapping the mutations and then generating a consensus tree can reduce overfit-
ting and allow the assessment of uncertainty in the tree structure. However, the runtime 
increases linearly with the number of bootstrap samples and the consensus tree depends 
on the presence of shared clades across bootstrap replicates. Due to low coverage and 
high noise, shared clades are often too rare and too small to build a reliable consensus 
tree, particularly for very large datasets. Alternative methods of building consensus trees 
from high uncertainty bootstrap trees are an interesting direction for future research. 
Possible solutions include removing cells with particularly variable placement across 
bootstrap trees or clustering cells into metacells before performing tree inference. Using 
metacells could not only likely reduce noise in the tree structure but also improve the 
algorithm’s efficiency. A faster option to simplify trees is to use hierarchical clustering 
to group the cells into a smaller number of clones based on the predicted genotypes. 
We saw that both clustering and bootstrapping can offer improvements in performance 
for trees with few clones, and bootstrapping also for phylogenies with larger number of 
clones.

Adopting an MCMC-based approach could enable posterior inference over trees 
and model parameters. However, currently MCMC based approaches like PhylinSic or 
SClineager are often limited to small or medium-sized datasets, or to analyses focusing 
on a reduced number of clones. Tree-space switching could be integrated by proposing 
moves in both tree representations and converting to one space for posterior evaluation. 
Space switching could thus serve as a mechanism for constructing computationally effi-
cient tree proposals that traverse regions of tree space that are otherwise hard to reach 
using standard moves in a single space representation.

The estimation of model parameters requires accurate genotype predictions. Variant 
allele frequencies that are very low or high are more likely to be assigned homozygous 
genotypes, as these maximize the likelihood for individual cases. However, in the pres-
ence of allelic dropout, a notable proportion of these could be heterozygous, leading to 
an overestimation of homozygous genotypes by shifting the inferred mutation location 
in the cell lineage tree. Conversely, real datasets may contain loci with both reference and 
alternative genotypes due to multiple mutations affecting the same locus, violating our 
model assumptions. As the model only compares the two most likely genotypes, some 
cells with two mutations might be inferred as heterozygous, potentially overestimating 
the number of heterozygous genotypes. Furthermore, our method does not incorporate 
copy number alterations or gene expression in the tree optimization itself, both of which 
might also be obtained from scRNA-seq data, and offer interesting directions for further 
phylogenetic developments.



Page 14 of 19Zimmermann et al. Genome Biology          (2026) 27:195 

Conclusions
Alternating between tree spaces for optimization is efficient and could be extended to 
other modalities, such as scDNA-seq data. The combination of fast optimization and 
data-driven estimation of model parameters, enables the use of scRNA-seq data not only 
for gene expression analysis but also for reconstructing the evolutionary history of cells, 
allowing us to augment expression-based analyses with phylogenetic information.

Methods
We first outline the model assumptions and then describe the tree inference 
procedure.

Model assumptions

The model is based on the following assumptions: (1) Each locus has exactly two cop-
ies in each cell. (2) Each locus has two possible alleles, called the reference and the 
alternative allele. (3) Mutations always occur at individual loci and convert one of the 
two copies into the other allele. (4) At most one mutation can occur at any given locus 
(infinite sites assumption [17]). (5) Observed read counts per cell and locus are inde-
pendent given the genotypes.

These assumptions allow for our method to be computationally efficient. However, 
the model does not account for more complex forms of genetic variation, such as 
copy number alterations or structural variants. Additionally, the infinite sites assump-
tion can be violated in cases of recurrent mutations or back-mutations, especially in 
larger datasets or over long timescales.

We opted for these simplifications because they not only enhance the computa-
tional efficiency and thus allow for the optimization of large trees, but also reduce 
the risk of overfitting to sparse and noisy single-cell RNA-seq data by lowering model 
complexity.

Under these assumptions, each cell contains either two reference alleles, two alterna-
tive alleles, or one reference allele and one alternative allele at any locus. These three 
genotypes are labeled 0 (reference-only), 1 (heterozygous), and 2 (alternative-only), 
respectively. Furthermore, there are only four types of transitions: 01 (i.e., 0 to 1), 12, 10, 
and 21. A direct conversion between genotypes 0 and 2 is not possible because it would 
require two mutations.

SCITE-RNA takes candidate SNVs from scRNA-seq data as input in the form of a 
N ×M matrix D of observations, where N is the number of cells and M the number of 
loci. An entry Dij = (rij , aij) in D consists of the read count of the reference, rij , and of 
the alternative allele, aij , at locus j in cell i. As in [32], we treat the coverage cij = rij + aij 
as given and use beta-binomial distributions for Dij when the genotype Gij ∈ {0, 1, 2} is 
given.

For homozygous genotypes, the read counts are modeled as

P(Dij | Gij = 0) = BetaBin(rij | cij , α0, β0),

P(Dij | Gij = 2) = BetaBin(rij | cij , α2, β2)
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where α and β are parameterized by the expected variant allele frequency of the alterna-
tive allele f = α/(α + β) and overdispersion ω = α + β , which increases with decreas-
ing variance. These parameters depend on the underlying genotype, as we detail later.

In the heterozygous case, we use a mixture of beta-binomial distributions to model 
allele-specific dropout. Specifically, we assume that when dropout occurs, the observed 
read counts follow the homozygous distribution of the remaining allele. Let δ denote the 
dropout probability. Then we set

Since the observations per cell and locus are independent given the genotypes, the 
likelihood of D factorizes as the product over all cells and loci as

To estimate the parameters α and β , or equivalently f and ω , which are depend-
ent on the genotype, we consider the case Gij = 0 . Since in this case only reference 
alleles are present, all reads except the erroneous ones support that allele. Errors 
might arise during reverse transcription, PCR amplification, or during sequencing, 
and we assume these error processes affect both alleles symmetrically. Consequently, 
the expected variant allele frequency for the homozygous reference genotype should 
satisfy

In the heterozygous case ( Gij = 1 ), the two alleles are present in equal amounts, so 
their expected read counts are also equal, hence f1 = 1

2
.

To estimate the values of ω0 = ω2 and ω1 , we note that in the heterozygous case, 
both biological and technical factors introduce additional variance to the expected 
variant allele frequency f. Reverse transcription may fail to capture one of the two 
alleles, and amplification and expression levels may differ between the two alleles. 
In such cases, the ratio between reference and alternative alleles is no longer 1:1 at 
sequencing time. This variability is accounted for by choosing a smaller value for ω1.

To infer the expected variant allele frequency f0 , dropout δ , and the overdisper-
sion parameters ω0 and ω1 from real scRNA-seq data, we adopt an iterative approach. 
In a first round, we perform tree inference using a predefined set of parameters. 
Based on the resulting genotype assignments, we optimize model parameters to bet-
ter reflect the characteristics of the specific dataset. In simulations we show that the 
model parameters are indeed approximately recovered by our method (see Additional 
file  1: Fig.  S12 and Additional file  1: Section  A.8 for details). Since allelic expres-
sion can be imbalanced or even monoallelic in single cells, both ω1 and the drop-
out probability can vary across SNVs and consequently we optimize SNV-specific 
parameter values using the bounded limited-memory BFGS (Broyden–Fletcher–
Goldfarb–Shanno) algorithm [2] (see Additional file 1: Section A.7 for more details). 
These updated parameters of the expected variant allele frequency f0 , dropout δ , and 

P(Dij | Gij = 1) = (1− δ)BetaBin(rij | cij ,α1,β1)

+
δ

2
P(Dij | Gij = 0)+

δ

2
P(Dij | Gij = 2)

(1)P(D | G) =

i,j

P(Dij | Gij)

f0 = 1− f2
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the overdispersion parameters ω0 and ω1 serve as refined parameters for a second 
round of tree inference. By default, we perform two rounds of alternating tree recon-
struction and parameter estimation, with the goal to improve model fit to the data 
and the quality of the inferred trees, while keeping the computational costs low. Addi-
tional rounds of tree inference and parameter optimization have only marginal effects 
on the inferred parameters and the tree metrics remain largely stable (see Additional 
file 1: Figs. S13 and S14).

Tree inference

A cell phylogeny can be represented as a cell lineage tree, where mutations are placed 
on the edges to show where they occur, or as a mutation tree, illustrating the tumor’s 
mutational history, with cells linked to specific mutations (Fig.  2). Tracing back to 
the root then identifies all mutations present in a given cell. Given a tree in either 
form and the attached mutations or cells, we can deduce the corresponding genotype 
profile G , which allows us to obtain the likelihood of that tree by multiplying the like-
lihoods of the data given the genotype for each cell–locus pair using Eq. 1. This map-
ping is not injective, as the same genotype profile can result from different trees, but 
we can group trees that produce the same genotype profile into equivalence classes. 
Then there is a one-to-one correspondence between classes in the two tree spaces and 
it is easy to convert a tree into a random instance of the same class (which therefore 
has the same likelihood) in the other space. As an example in Fig. 2, consider the cell 
lineage tree with 2 mutation events occurring on the same edge at the root. If we con-
vert this cell tree into a mutation tree, any permutation of these mutations (e.g. (0,1) 
or (1,0)) is valid and thus one mutation order is randomly chosen.

Before tree inference, potentially mutated loci are selected, and the most likely 
genotypes before and after the mutation are determined (see Additional file  1: Sec-
tion A.9 for details). This allows us to compute the log-likelihood differences between 
those two genotypes for each cell–locus pair.

The goal of the tree inference algorithm is to find the tree with the highest likeli-
hood. Due to the enormous sizes of the tree spaces, it is impractical to test every pos-
sible tree. Instead, the algorithm starts with a random tree and gradually optimizes 
it using a greedy approach. At each step, the algorithm is given a starting tree from 
which it explores the local tree neighborhood by performing tree operations (Fig. 1). 
During cell lineage tree optimization, nodes are selected in a random order. Then the 
respective subtrees consisting of the chosen node and its descendants are pruned and 
reattached at their optimal location. If there are several positions with equal likeli-
hood, one is chosen randomly. This step is repeated until every node, including inter-
nal nodes, has been processed.

The same standard pruning and reattaching of subtrees is performed for mutation 
trees. Since they often contain linear chains of mutations, which are harder to opti-
mize by switching subtrees, we added an optional second move for smaller mutation 
trees. In this move, individual mutations with only a single child are pruned and re-
inserted at their optimal position. This helps optimally rearranging linear chains of 
mutations. For cancer datasets with several thousand potential SNVs, we focused on 
pruning and reattaching of subtrees to keep computational costs low.
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For each tree, the algorithm calculates the highest likelihood achievable by attach-
ing mutations to edges (for cell lineage trees) or cells to nodes (for mutation trees). 
Since the observations per cell and locus are assumed to be independent, we only 
need to determine the maximum-likelihood attachment location of each individual 
cell or mutation separately. We use established tree traversals (e.g. [12]) to lower com-
plexity, which leads to our method scaling well with the number of cells and muta-
tions (see Additional file 1: Section A.10 for details).

It is very common for greedy algorithms to get stuck in local optima. However, we 
optimize the tree by alternating between two different tree spaces, and a local opti-
mum in one space does not necessarily correspond to a local optimum in the other 
space. Hence, the tree space swapping is a way to potentially escape from local optima 
(Fig.  3). The process of converting the tree into one possible representation in the 
other space and continuing the exploration there repeats until the likelihood in both 
spaces stops improving.
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