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Abstract

Gene expression evolves dynamically along cell lineages, yet most analysis methods treat single-cell
RNA-seq (scRNA-seq) data as static snapshots and fail to exploit phylogenetic relationships among cells.
Recent advances in cell-lineage tracing now enable the reconstruction of high-resolution lineage phylo-
genies, providing a natural framework for identifying when and where transcriptional changes arise dur-
ing development, differentiation, and disease progression. Some models of gene expression have begun
to consider phylogenetic structure, but they generally rely on imprecise Gaussian assumptions, focus on
endpoint-level comparisons, or fail to consider sparse and overdispersed scRNA-seq read counts. Here,
we present LaVOUS (Lineage-aware Variational Ornstein-Uhlenbeck Single-cell RNA-seq analysis), a
probabilistic framework that couples lineage-based models of latent dynamics derived from the Brow-
nian motion and Ornstein–Uhlenbeck stochastic processes with negative-binomial observation models
and scalable variational inference. LaVOUS enables likelihood-based tests for cellular heritability and
branch-specific shifts in gene expression, as well as phylogenetic reconstruction of latent expression
histories. In simulations, LaVOUS outperformed Gaussian method in detecting lineage-associated ex-
pression changes and produced accurate reconstructions of expression histories across expression levels.
We additionally applied LaVOUS to paired single-cell lineage and transcriptomic data from metastatic
lung cancer, class-switching B cells, and the developing brain. Across these settings, LaVOUS identi-
fied lineage-associated expression changes related to metastatic progression, B-cell isotype switching,
and dopaminergic and glutamatergic neuron differentiation. By providing an expressive framework for
modeling sparse count data on lineage trees, LaVOUS establishes a foundation for studying single-cell
expression dynamics across developmental and disease contexts, with natural extensions to multi-gene
regulation, lineage uncertainty, and multi-modal integration.
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Introduction

Understanding the precise history of cellular decision-making is fundamental to addressing major chal-
lenges in biology, from deciphering the origins of chemoresistance in cancer metastasis to mapping cell fate
in organ development. While single-cell transcriptomics can reveal cell states at high resolution, it captures
only a static snapshot, often obscuring the historical context of dynamic cellular changes. Recent advances
in lineage tracing—especially based on the CRISPR/Cas9 barcoding technology, where heritable edits to
barcodes are introduced continuously during cell growth in vivo [1]—now enable reconstruction of cell-
lineage phylogenies at high resolution [2–7]. In some designs, CRISPR barcodes are transcribed, yielding
simultaneous readouts of lineage trees and gene-expression profiles [8–10]. Unlike pseudotime trajectories
inferred from transcriptomes alone [11–13], these experiments provide an independent scaffold for inter-
preting changes in gene expression, consisting of an explicit topology and branch lengths that reflect the
true history of cell division. The resulting data sets offer a unique opportunity to study cell state changes
along specific lineages, with the potential for new insights into cancer evolution and cell development and
differentiation [14–17].

Following recent progress in lineage tracing, various computational methods have been developed to
reconstruct high-resolution cell-lineage trees from CRISPR barcodes [18–21]. Integrating these phyloge-
nies with gene-expression data, however, remains challenging. Several recent methods combine lineage
tracing with single-cell transcriptomics, including approaches for lineage-aware trajectory inference [22],
RNA velocity estimation [23], fate-bias identification [24], reconstruction of unobserved ancestral cell
states [25, 26], quantification of transcriptional heritability and plasticity [27], and detection of lineage-
associated gene-expression programs [28, 29]. These approaches are beginning to associate endpoint tran-
scriptional states with clonal histories, but they do not yet provide explicit descriptions of how gene expres-
sion evolves along a cell-lineage phylogeny.

Evolutionary stochastic processes provide a natural framework for addressing this problem by treating
gene expression as a dynamic trait evolving along the tree. These models originate from the phylogenetic
comparative literature, where they have been widely used to model continuous-trait evolution, stabilizing
selection, and adaptive regime shifts across species [30–32]. They have also been applied to cross-species
gene-expression evolution to study regulatory divergence, drift, stabilizing selection, and lineage- or organ-
specific expression evolution [33–36]. In particular, tree-based models of Brownian motion (BM) capture
the accumulation of random transcriptional fluctuations, whereas the Ornstein–Uhlenbeck (OU) extension
includes mean reversion toward an optimal expression level, enabling modeling of stabilizing selection. Fur-
thermore, by allowing this optimum to vary across labeled branches or regimes, OU models can represent
repeated lineage-associated shifts in these optima during processes such as tissue migration, cell differenti-
ation, or development.

Recent methods have begun to apply such stochastic models to paired lineage-tracing and single-cell
RNA-seq data. For example, EvoGeneX integrates lineage-based BM/OU dynamics with Gaussian obser-
vation models at the leaves of the tree [37]. Related approaches have been applied to single-cell cancer
clone data to identify expression changes associated with aggressive or resistant phenotypes [38]. More
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recently, SCOUT used phylogenetic smoothing to analyze single-cell lineage trees based on expression data
that had been preprocessed to better obey Gaussian assumptions [39]. These methods, however, have gen-
erally avoided directly modeling high-throughput scRNA-seq read counts, which tend to be sparse, skewed,
and overdispersed, requiring flexible discrete densities such as the negative-binomial distribution [40]. Ide-
ally, a full generative framework for the cellular evolution of gene expression would combine lineage-based
stochastic dynamics with an explicit observation model for sparse single-cell read counts (see ref. [25] for
an early attempt at such a model).

To address these limitations, we introduce LaVOUS (Lineage-aware Variational Ornstein–Uhlenbeck
Single-cell RNA-seq analysis), a probabilistic framework for modeling single-cell gene expression dynamics
on lineage trees. LaVOUS couples tree-based BM/OU latent dynamics with a negative-binomial observation
model and scalable variational inference, building on the broader use of variational methods for probabilistic
inference from lineage-structured single-cell data [25]. In addition, LaVOUS supports likelihood-based tests
for lineage-associated expression using Pagel’s λ [41–43], detection of branch- or state-specific expression
shifts through OU regime models, and reconstruction of gene-specific latent expression histories using Gaus-
sian belief propagation. Together, these components provide a powerful framework for analyzing how ex-
pression changes arise along cell-lineage phylogenies. Across a variety of simulated datasets, LaVOUS im-
proved detection of lineage-associated expression changes compared with a lineage-aware Gaussian method
and reconstructed accurate latent expression histories along lineage phylogenies. We then applied LaVOUS
to paired lineage and transcriptomic datasets spanning three distinct biological settings: metastatic lung
cancer, where tissue migration provides branch-level state labels; B-cell class switching, where immune lin-
eages capture isotype transitions; and mouse brain development, where lineage trees record differentiation
toward neuronal fates. Across these datasets, LaVOUS identified lineage-associated expression changes
involved in disease progression and cell differentiation.

Results

Overview of the LaVOUS framework

Modeling single-cell gene expression along lineage trees involves three key challenges: defining expres-
sion dynamics on a pre-inferred tree, linking latent expression states to sparse scRNA-seq read counts, and
supporting hypothesis tests or statistical inferences that address relevant biological questions.

To model gene expression on lineage trees, we follow other recent studies in leveraging the Brownian
Motion (BM) and Ornstein–Uhlenbeck (OU) stochastic process, both of which are now well established in
evolutionary biology [35–37]. In these models, gene expression is modeled with a multivariate Gaussian
(MVG) distribution, with the lineage tree encoded through the covariance matrix. This idea originates from
macroevolutionary studies and has recently been adapted to single-cell settings [30, 38, 39].

Despite the power and flexibility of these models, they are poorly matched to single-cell RNA-seq data,
which is typically sparse and noisy compared to bulk RNA-seq data. In particular, scRNA-seq read counts
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are discrete, bounded at zero, and typically overdispersed, with variance greater than the mean. As a result,
they are not well described by the continuous, unbounded MVG distributions induced by the BM and OU
processes. In other applications, investigators have instead made use of flexible discrete distributions for
count data, such as the negative-binomial (NB) distribution, to fit the observed single-cell read counts [40].
We therefore sought to devise a framework that would combine the BM and OU processes with an NB
observational model, allowing a better fit to scRNA data while maintaining the core strengths of tree-based
models of gene expression.

Our new modeling framework, LaVOUS, takes as input a fixed lineage phylogeny with branch lengths,
a matched scRNA-seq count matrix, and, when available, branch or cell labels describing features such
as tissue location, isotype, or cell type, which broadly correspond to discrete cellular states (Fig. 1). For
each gene, LaVOUS models an unobserved latent expression value evolving along the tree according to the
BM or OU processes in the usual way, with an induced MVG distribution at leaf cells whose covariance
reflects the phylogeny and branch lengths. Latent expression values are then mapped to positive expression
rates through a softplus transformation and linked to observed read counts using an NB observation model
(Fig. 1). Because the softplus–NB observation layer makes the marginal likelihood intractable, LaVOUS
approximates the latent posterior at leaves using mean-field Gaussian variational distributions (see Methods
for details).

This modeling framework supports three main analyses (Fig. 1). First, LaVOUS tests whether a gene’s
expression levels follow the phylogeny by introducing Pagel’s λ [42], which scales the off-diagonal entries
of the tree-induced covariance matrix. Comparing a model with estimated λP to a model with λP = 0

provides a likelihood-ratio test of whether related cells have more similar expression than expected under
an independent-cell model, implying that expression levels are at least partially inherited from parent cells
to their children. Second, when branches are assigned to biological regimes, LaVOUS tests for branch-
or state-specific expression shifts by comparing an OU model with a shared optimum θ to one with state-
specific optima. In addition, likelihood-ratio statistics are evaluated with asymptotic or empirical calibration
and corrected for multiple testing across genes. This test enables detection of genes whose latent expression
dynamics differ across states corresponding to features such as tissue locations, cell types, or developmental
cell states. Third, for genes supported by the lineage-aware model, LaVOUS reconstructs gene-specific
latent expression histories along internal branches and ancestral nodes using Gaussian belief propagation,
providing a visualization of where expression changes are inferred to occur on the tree.

Together, these model components allow LaVOUS to describe gene expression as a continuous stochas-
tic process following the cell division history, while accommodating sparse, overdispersed scRNA-seq read
counts. In the following sections, we first evaluate LaVOUS on simulations where the true expression dy-
namics are known, and then apply it to paired lineage and transcriptomic datasets from metastatic lung
cancer, B-cell class switching, and mouse brain development.
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Figure 1: Overview of the LaVOUS framework. LaVOUS uses scRNA-seq data with a paired lineage
tree as input, and identifies target genes with high heritability on the tree, or differential expression along
pre-labeled branches. In addition, LaVOUS can reconstruct gene-specific latent expression histories, high-
lighting the putative time points of expression shifts. BM, Brownian Motion, OU, Ornstein–Uhlenbeck
process. θ0, optimal expression of primary cells (e.g., primary tumor). θ1, optimal expression of other cells
(e.g., metastatic tumor). α, selective strength of OU. σ, variance of BM or OU. z, latent expression levels
of each cell from BM or OU. λ, positive-valued latent expression levels after softplus transformation. x,
observed expression read counts modeled using negative-binomial (NB) sampling.
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LaVOUS detects single-cell gene expression patterns on simulated data

We first evaluate LaVOUS against simulated gene expression data, where the true lineage history is
known and the degree of model misspecification can be controlled. We simulated phylogenies under an
agent-based tumor growth model [44]. For all experiments below, we focused on a simulated lineage tree
with 646 cells and one metastatic event (Fig. 2A). To generate corresponding gene expression data from
this phylogeny, we simulated 500 genes under each simulation setting, using tree-based BM (for heritability
tests) or OU processes (for differential tests) followed by softplus and NB. These simulations spanned
different expression levels (θ), different variances (σ and α), and different overdispersions (r).

First, we applied LaVOUS to detect genes with heritable expression patterns according to the lineage
tree. To compare the heritable genes with highly plastic genes whose expression levels do not follow the tree
structure, we used the tree-based BM simulations as positive cases, and randomly permuted them across cells
for negative controls. To identify heritable gene expression patterns that follow the tree structure, LaVOUS
performs likelihood-ratio tests based on the BM process with free Pagel’s λ against Pagel’s λ = 0. We found
that LaVOUS correctly identified genes as showing heritable gene expression from most of the positive
simulations, except when the variance was exceptionally small (e.g., large α led to collapsed covariance)
or overdispersion was exceptionally high (e.g., large r−1 led to nearly independent samples). The negative
controls all correctly resulted in log-likelihood ratios close to zero (Fig. 2B).

To test whether gene expression levels differed significantly along selected branches, we simulated a grid
of expression data spanning different expression levels and overdispersion rates on the same simulated tree.
In these simulations, the background θ0 was fixed at 1, while the selected branch was assigned a different
mean θ1, with larger values of θ1 indicating stronger expression up-regulation. Furthermore, larger values
r indicated a smaller overdispersion r−1, with r = ∞ indicating a Poisson distribution (no overdispersion).
For each simulation setting, genes simulated with different θ1 ̸= θ0 at selected branches formed the positive
datasets, and genes simulated with the same θ1 = θ0 for the entire tree served as negative controls. To
identify genes with expression shift at simulated metastasis, we had LaVOUS perform likelihood-ratio tests
under the OU process with estimation of different θs versus a null hypothesis of a uniform θ. We additionally
benchmarked LaVOUS against a previous OU-based lineage-aware tool, EvoGeneX, which was designed
for bulk RNA-seq data and uses Gaussian observation models [37]. We found that LaVOUS consistently
outperformed EvoGeneX, showing larger area under the receiver operating characteristic curve (AUROC)
values in all experiments, suggesting that the NB observation model results in substantially improved detec-
tion power with scRNA-seq data (Fig. 2C).

Finally, we used LaVOUS to reconstruct gene-expression histories on lineage trees. Using our tree-
based OU simulations as example data, we reconstructed these histories according to the OU and variational
parameters estimated from the model. In particular, LaVOUS uses the estimated variational parameters
as initial Gaussian parameters at the leaves of the tree and the OU model parameters for Gaussian belief
propagation, producing reconstructed expression histories at each node of the tree. We found that these
reconstructions generally agreed well with the ground truth from our simulations (Fig. 2D).
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Figure 2: Performance of LaVOUS on simulated data. (A) Simulated cell-lineage tree from agent-based
simulators in MACHINA [44]. (B) Log-likelihood ratios from heritability tests using simulated data under
various settings along the x axis. Each setting is simulated by modifying the same baseline parameters
(α = 1, σ = 3, θ0 = 1, θ1 = 1, r = 5). Each setting contains results from both the tree-based simulation
on the left (above the threshold) and the permuted negative control on the right (below the threshold). (C)
Model performance evaluated by receiver operating characteristic (ROC) curves. Rows show results for
different choices of the expression optimum θ1 for the highlighted clade in (A), and columns show results
for different overdispersion rates r. Green, LaVOUS; orange, EvoGeneX. Corresponding areas under each
curve are labeled in the legend. (D) Simulations and reconstructions of gene-expression history on lineage
trees under different OU models. Starting values at the root are in white. Red branches, up-regulation; blue
branches, down-regulation; surrounding bars, read counts from negative-binomial sampling.
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LaVOUS reveals dynamic gene expression in lung-cancer metastasis

For our first real-data application, we considered a comprehensive dataset describing metastatic lung
cancer in a mouse model [17]. This study provides scRNA-seq paired with high-resolution lineage trees
derived from CRISPR barcodes. We focused our analysis on the largest metastatic clone from this study,
which contains 20,992 cells from three tissues: lung (primary tumor), liver (metastatic tumor), and soft tissue
(metastatic tumor). Many of these cells had redundant barcodes, however, so we reduced the data to 1,453
uniquely barcoded cells. We reconstructed a cell-lineage tree for these cells using VINE [21] (Fig. 3A), and
then removed genes present in fewer than 10% of cells, leaving nearly eight thousand genes for downstream
analysis. To reduce technical biases from differences in sequencing depth, we additionally scaled the read
counts for each cell by the corresponding median library size (see Methods).

Out of 7,986 genes, LaVOUS identified slightly more than half as having significant evidence of gene-
expression heritability along the tree (FDR < 5%), and we focused on these genes in downstream lineage-
based analyses (Fig. 3B). Since the reconstructed tree indicates a complex, multi-tissue history of metastasis,
we focused our analysis of differential expression on one large clade in which only the primary tumor (T1)
and one secondary tissue (soft tissue, S1) were represented (Fig. 3A, F). In a test of differential expres-
sion on all T1→S1 branches, 1,869 genes showed significant up- or down-regulation in S1 after empirical
calibration (see Methods), including 384 up-regulated genes and 275 down-regulated genes with mean dif-
ference ≥ 0.5 (Fig. 3C). The up-regulated genes were enriched for roles in migration, colonization, and
proliferation (Fig. 3D). For example, H19 is an lncRNA known to facilitate metastasis [45], Ptn is a growth
factor for angiogenesis and tumorigenesis that may modify the microenvironment of metastatic tumors [46],
and Npm1 is a nucleolar protein involved in ribosome biogenesis [47]. In contrast, down-regulated genes
such as Apod, Cebpb, and Gpx3 are enriched for roles in stress response, suggesting adaptation to the new
microenvironment [48–50] (Fig. 3E).

In addition, reconstruction of gene-expression levels along the cell lineage tree revealed distinct patterns
for different gene targets. For instance, genes such as Npm1 and Cebpb are strongly up- or down-regulated
in the metastatic tumor, with the shift in gene expression coinciding with the metastatic event (Fig. 3G,
H). In contrast, Cd9, which encodes a cell surface glycoprotein for cell adhesion, has complex expression
history in metastatic and primary branches, consistent with its context-dependent functions in migration,
colonization, and proliferation [51] (Fig. 3I). Taken together, these results show that LaVOUS can both
detect novel gene targets and illuminate gene-expression dynamics through lineage-aware reconstruction.

LaVOUS characterizes isotype switching in B-cell immune response

Next we applied LaVOUS to a dataset describing the gene-expression response of human B cells to
the SARS-CoV-2 mRNA-1273 vaccine [52]. In this case, B-cell lineage trees can be inferred from natural
markers such as somatic hypermutations (SHM) during antibody generation. We collected preprocessed
data from Weber et al. [53] and reconstructed B-cell lineages using the IgPhyML method from the Dowser
package [54]. The isotype labels on the trees were then inferred using Fitch parsimony.
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Figure 3: Application of LaVOUS to scRNA-seq data describing metastatic lung cancer in a mouse model
[17]. (A) Reconstructed lineage tree colored by tissue label. Arrow shows the root of the clade considered
in tests of differential expression. T1, primary tumor in lung; S1, metastatic tumor in soft tissue; L1–3,
metastatic tumor clones in liver. (B) Heritability test applied to all genes. (C) Differential-expression test
applied to heritable genes, considering all the T1-to-S1 branches in the clade of interest. Genes with absolute
effect sizes equal to or larger than 0.5 (difference of θ after softplus on the x axis) and adjusted p < 0.05 are
considered significant targets. (D) Gene Ontology (GO) enrichment analysis for significantly up-regulated
genes. (E) GO enrichment analysis for significantly down-regulated genes. (F) The full T1-to-S1 clade,
colored by tissue. (G)-(I) Gene expression histories reconstructed for three representative genes. Root is
colored in white, and up/down regulation is indicated in red/blue, respectively.
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In our analysis, we focused on the two dominant immunoglobulin isotypes in the dataset: IgG1 and
IgA1. IgG1 is commonly induced by intramuscular vaccine injections and is responsible for blood or sys-
temic immunity [55]. Under class-switching recombination (CSR), IgG1 can switch to IgA1, which is more
effective for airway or mucosal immunity [56, 57] (Fig. 4A). Here, we used the two largest clonotypes
with clear IgG1-to-IgA1 transitions for downstream gene expression analyses (Fig. 4B). Because individual
B-cell lineage trees are relatively small, we increased statistical power by jointly analyzing two indepen-
dent clonotypes (by summing their log likelihoods). Our analysis identified 49 genes with heritable gene
expression, of which 37 genes are differentially expressed in the IgA1 isotype. Further calibration using
gene-specific empirical null distribution reduced the number of significant genes to ten (with 10% FDR).
Specifically, XBP1, a gene associated with active antibody secretion in plasmablast B cells, is significantly
down-regulated in IgA1 branches [58] (Fig. 4C, D), suggesting that the newly formed IgA1 B cells may be
still in premature states in transit to tissue relocation, instead of in plasmablast states with active antibody
secretion. In contrast, JCHAIN, another gene typically used for antibody joining in IgA, is up-regulated
in IgA1 branches (Fig. 4E, F). Antibody dimerization through this mechanism helps epithelial transport
of IgA in mucosal tissues, which is especially critical for respiratory infections such as COVID-19 [59].
Taken together, these results demonstrate that LaVOUS enables characterizations of B-cell isotype transi-
tions during immune responses, and provides explicit expression histories for highlighted gene targets in
B-cell development.

LaVOUS highlights developmental signals in ventral midbrain of mouse

Finally, we applied LaVOUS to scRNA-seq data for the developing ventral midbrain of the mouse [60].
Previous work identified differentiation paths for dopaminergic neurons (DA) and glutamatergic neurons
(GLU) from radial glia-like cells (Rgl) and neuroblasts (Nb) in the floor plate (FP) region [60] (Fig. 5A).
We selected clones with FP cell types from the E15-rep1 sample and reconstructed the lineage tree by VINE
using the mutation patterns in the available CRISPR barcodes [21] (Fig. 5B). We also reconstructed the an-
cestral cell types on the tree by following the differentiation paths from progenitors to neurons. To identify
genes with differential expression in the DA- and GLU-differentiating paths, we compared an alternative
hypothesis of three θs for progenitors, DA-path cells, and GLU-path cells, respectively, with a null hypoth-
esis of two θs for progenitors and DA/GLU-path cells (Fig. 5A). As a result, LaVOUS identified 68 genes
with heritable expression based on all the clones, of which 35 genes are significantly different in DA-path
and GLU-path cells based on the FP clones. For example, Ddc, which encodes aromatic L-amino acid de-
carboxylase involved in dopamine and serotonin synthesis, was significantly up-regulated in DA cells [61]
(Fig. 5C).

To assess how LaVOUS complements transcriptome-based analyses, we compared lineage relationships
with UMAP embedding and pseudotime trajectories. Although cells of the same type often have different
origins in the lineage tree, they tend to group in a UMAP visualization of the transcriptomes, suggesting
that gene expression data are insufficient and barcoding is needed for accurate lineage-tree reconstruction
(Fig. 5D). For comparison with our lineage-based analysis, we performed trajectory inference using Scanpy
and identified pseudotime evolution from Rgl1 to DA and GLU, confirming the two differentiation paths
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Figure 4: Application of LaVOUS to scRNA-seq data for human B cells treated with SARS-CoV-2 mRNA-
1273 vaccine [52]. (A) Isotype transition from IgG1 B-cell to IgA1 B-cell through class-switching recom-
bination (CSR). (B) B-cell lineage trees from two clonotypes. Isotypes are labeled in different colors. (C)
Biological function of XBP1 gene. (D) Gene expression reconstruction for XBP1 on B-cell lineages. Pre-
dicted latent expressions are labeled in different colors. The root values are in white, and the red or blue
branches indicate up- or down-regulation, respectively. (E) Biological function of JCHAIN gene. (F) Gene
expression reconstruction of JCHAIN on B-cell lineages.
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previously reported [60, 62] (Fig. 5E). To identify differentially expressed genes during the development of
DA and GLU along the pseudotime trajectory, we compared correlations of gene expression changes with
the pseudotime changes in the two developmental paths, highlighting significant genes from LaVOUS as
a reference (Fig. 5F). We found that some genes identified by LaVOUS agreed well with the pseudotime
trajectory but others did not. For example, expression of the DA marker Ddc is positively correlated with
pseudotime in the DA path but weakly correlated in the GLU path, indicating up-regulation specifically in
DA and NbDA (Fig. 5G). By contrast, expression of a developmental signal Wnt5a is negatively correlated
with the GLU path but not the DA path, indicating down-regulation specific to GLU and NbGLU [63]
(Fig. 5H). Expression of Pcdh10, which encodes a cadherin that contributes to cell-cell connections in the
brain, is positively correlated with DA but negatively correlated with GLU, indicating opposite expression
regulations in neuron differentiation [64] (Fig. 5I).

At the same time, the expression levels of some other significant genes from LaVOUS showed less obvi-
ous changes along the pseudotime trajectories. Specifically, the tubulin gene Tubb2a is positively correlated
with both the DA path and the GLU path, with only a slightly lower correlation with the latter (Fig. 5J).
Likewise, the lncRNA Meg3 has similar positive correlations with both DA and GLU, and the transcription
factor-encoding gene Nfia is similarly negatively correlated in both paths (Fig. 5K–L). These observations
suggest that LaVOUS sometimes has improved sensitivity for dynamic gene expression by considering true
cell lineages rather than relying on the more approximate pseudotime trajectory. Overall, LaVOUS reveals
dynamic biomarkers and developmental signals during mouse brain development, providing insights beyond
pseudotime trajectories.

Discussion

In this study, we have introduced LaVOUS, a modeling framework for analyzing the dynamics of
gene expression along a given lineage phylogeny. LaVOUS takes reconstructed cell-lineage trees and
paired scRNA-seq data as inputs, models gene expression evolution on the tree as a stochastic process,
and computes the likelihood of sparse, overdispersed read counts using negative-binomial observation mod-
els. LaVOUS supports several types of analysis, including the evaluation of gene-expression heritability
using Pagel’s λ, differential gene expression using OU processes, and evolutionary reconstruction using
Gaussian belief propagation. We validated LaVOUS extensively on simulated data, and showed that its in-
corporation of negative-binomial observation models with variational inference, in particular, substantially
improves statistical power for gene-target identification.

To demonstrate the broader utility of LaVOUS, we additionally applied it to three representative datasets
ranging from lung-cancer metastasis to B-cell immune responses and neural development, revealing aspects
of the dynamics of disease progression and cell differentiation. Notably, these datasets not only spanned
diverse biological processes, but they also involved a range of model applications and consideration of
markedly different tree structures. For instance, the cancer cells have high proliferation rates, resulting in
large clonal trees with clear shifts among tissue labels. In this setting, LaVOUS was able to identify large
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Figure 5: Application of LaVOUS to data for mouse brain development [60]. (A) Differentiation from pro-
genitors to neurons at floor plate (FP) of mouse ventral midbrain. Rgl, radial glia-like cell; Nb, neuroblast;
DA, dopaminergic neuron; GLU, glutamatergic neuron. (B) Lineage tree of FP clones based on CRISPR
barcodes. Cell types are labeled by color. Differentiation events are highlighted with dots on branches.
(C) Gene expression reconstruction of Ddc gene. (D) UMAP of all FP cell transcriptomes colored by cell
types [65]. (E) Same UMAP colored by diffusion-pseudotime trajectory [12]. Arrows show developmental
paths to DA and GLU. (F) Pearson correlations in gene expression changes along the pseudotime trajectories
in the DA path (y axis) and GLU path (x axis). Significant genes identified by LaVOUS are highlighted in
red. (G–L) Same UMAP colored by Ddc, Wnt5a, Pcdh10, Tubb2a, Meg3, and Nfia expression, respectively.
Purple arrows show positive correlations (up-regulation) along the pseudotime trajectory; black arrows show
negative correlations (down-regulation).
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enough numbers of gene targets to support GO-enrichment analysis and visualization of complex patterns
of gene expression along the phylogeny. In contrast, the B-cell lineages decompose by clonotype, which
leads to smaller lineage trees. As a result, we used LaVOUS to jointly infer likelihoods across multiple
trees, enabling identification of more gene targets by pooling information from multiple clonotypes. Finally,
the developmental dataset contains cells from a variety of developmental stages and highly interspersed cell
type labels on the tree, because differentiated neurons cease to divide. As a result, LaVOUS identifies devel-
opmental signals for dopaminergic and glutamatergic neurons, many of which are not present in pseudotime
trajectories that are not faithful to the the true lineage history.

In the case of the lung-cancer data sets, we were particularly interested to find multiple lines of evidence
suggesting that metastatic cells in soft tissue are actively proliferating and undergoing clonal expansions.
First, biosynthetic genes such as Npm1 are up-regulated, and stress-response genes such as Cebpb and Gpx3
are down-regulated, suggesting more growth and less death in the metastatic tumor (Fig. 3C). Second,
GO-enrichment analysis of differentially expressed genes identified biosynthesis and metabolism as up-
regulated terms, and death, apoptosis, and stress-response as down-regulated terms, suggesting more active
cell states in the metastatic tumor (Fig. 3D, E). Finally, the reconstructed tree indicates that metastatic cells
in soft tissue emerge rapidly, early in the evolutionary process (Fig. 3A, F). Together, these observations
suggest rapid colonization of the soft tissue owing to a high proliferation rate and/or reduced death following
migration from the primary tissue.

LaVOUS could benefit from several extensions to the current model. For example, the OU process cur-
rently assumes constant evolutionary rates along all branches of the lineage tree, whereas the true process
likely obeys different rates at different time points, owing to intrinsic heterogeneity or changing environ-
mental signals. It is straightforward to accommodate such rate heterogeneity in the model, but it remains
to be seen to what extent differences in rate can be accurately inferred from data. Another useful extension
would be to to consider paired time-series data, which could help to address the missing information on
the lineage tree. The performance of LaVOUS naturally depends on the provided tree structure, which can
be difficult to reconstruct accurately with current data. This dependency could be mitigated by adapting
LaVOUS to integrate over samples from the posterior distribution of trees, as enabled by recent Bayesian
methods [20, 21]. Finally, LaVOUS models the dynamics of gene expression independently at each gene,
whereas in reality genes are strongly correlated. A longer-term goal would be to extend the model to con-
sider collections of genes together, to provide insights into single-cell dynamics at the level of regulatory
networks.

In summary, LaVOUS combines single-cell data describing both transcriptomes and lineage tracing,
and enables a rich collection of analyses of gene expression dynamics along a phylogeny. We anticipate
that LaVOUS will help to make lineage-aware modeling a central component of future single-cell analyses,
particularly when combined with spatial, multi-omic, and perturbational measurements.
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Materials & Methods

Model for stochastic gene expression along cell-lineage trees

We model the latent expression of each gene along a cell-lineage tree using either Brownian motion
(BM) or the Ornstein–Uhlenbeck (OU) process [34–39]. Under BM, the latent expression state zt evolves
according to the stochastic differential equation (SDE),

dzt = σdWt, (1)

where σ > 0 is the diffusion coefficient and Wt is a standard Wiener process. Over a branch of length t

from cell i to cell i+ 1, this SDE induces a Gaussian transition distribution,

zi+1 | zi ∼ N (zi, σ
2t). (2)

Similarly, under the OU process,
dzt = α(θ − zt)dt+ σdWt, (3)

which induces the transition distribution,

zi+1 | zi ∼ N
(
θ + (zi − θ)e−αt,

σ2

2α
(1− e−2αt)

)
. (4)

In this case, α controls the strength of attraction toward an optimal expression level θ.

Using Eq. 2 or Eq. 4, we model the latent gene expression z along each branch of the lineage tree T
from the root to the leaves. For BM, we start with a mean expression µ0 as a free parameter at the root. As
a result, the joint gene expression levels at the leaves of the tree, denoted z, follows a multivariate Gaussian
(MVG) distribution with likelihood,

P (z | T , σ2) =
1√

(2π)n detΣ
exp

[
− 1

2
(z − µ01)

⊤Σ−1(z − µ01)

]
, (5)

where Σ is the covariance matrix. The covariance between leaves i and j is given by Σij = σ2sij , where
sij is their shared branch length in T from the root to their most recent common ancestor (MRCA).

For the OU process, we assume at the root of the tree that z0 is at stationarity for the initial regime,
represented by a Gaussian prior N (z0; θ0,

σ2

2α). As a result, the joint gene expression levels at the leaves
follow an MVG with likelihood,

P (z | T , α, σ2,θ) =
1√

(2π)n detΣ
exp

[
− 1

2
(z −Wθ)⊤Σ−1(z −Wθ)

]
, (6)

where the mean components are defined by weighted sums of θ elements according to a weight matrix W

such that,
Wi,n = e−αTiγn +

∑
τ

(
e−α(Ti−tτi ) − e−α(Ti−tτ−1

i )
)
βτ
i,n, (7)
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where Ti is the total branch-length from leaf i to the root, tτi is the total branch-length from the root to the
terminal point of regime τ along the lineage leading to leaf i, γn is a binary indicator of whether θn is active
at the root, and βτ

i,n is a binary indicator of whether θn is active for cell i in regime τ , as detailed in ref. [37].
To define the expression regimes for this model, cell labels for internal nodes are either inferred using VINE
(with CRISPR barcodes) or by Fitch parsimony (otherwise) [18, 21]. Under this model, the covariance
between leaves i and j depends on both the total branch-lengths from the root to the leaves (Ti and Tj) and
the branch lengths from the root to the MRCA (sij):

Σij =
σ2

2α
e−α(Ti+Tj−2sij). (8)

In practice, we optimize the MVG likelihood subject to the Karush-Kuhn-Tucker (KKT) constraints, as
described in ref. [37].

Observation model for single-cell read counts

The BM and OU processes provide convenient MVG likelihoods for continuous expression levels given
the tree structure. Single-cell read counts, however, are discrete, nonnegative, and overdispersed proxies
for expression levels, which are not well matched to Gaussian assumptions [40]. We therefore introduce
an observation model based on a softplus transformation and negative-binomial (NB) distribution (see also
ref. [25]). Specifically, each latent Gaussian expression level zi from the tree-based process is first trans-
formed to λi ∈ (0,∞) by the softplus function,

λi = f(zi) = log(1 + exp(zi)). (9)

The read counts are then described using an NB distribution with mean λi and dispersion parameter r, such
that the variance is given by λi +

λ2
i
r (meaning that small r implies overdispersion). For simplicity, we

assume a uniform r across all leaves, resulting in the following conditional likelihood for read counts x

given transformed latent expression levels λ,

P (x | λ, r) =
L∏
i=1

Γ(xi + r)

Γ(r)xi!

(
λi

r + λi

)xi
(

r

r + λi

)r

, (10)

where L is the number of leaves of the tree.

Notably, if cell-specific library size scaling factors li are available (such that li normalizes cell i relative
to the median value for all cells), we replace λi with liλi to accommodate library-size differences.

Approximation for full likelihood based on variational inference

The full likelihood function for observed gene expression read counts is given by,

P (x | ϕ, r) =
∫

P (x | λ, r)P (z | ϕ) dz, (11)
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where ϕ = (T , α, σ,θ) summarizes the tree and all BM/OU parameters. This high-dimensional inte-
gral, however, has no closed-form solution and is not amenable to standard Monte Carlo approximations.
Therefore, following ref. [25], we applied mean-field variational inference to approximate the posterior
distribution for the expression levels z using a product of Gaussian distributions,

q(z) =

L∏
i=1

qi(zi) =

L∏
i=1

N (zi | mqi, s
2
qi), (12)

where mq and sq are chosen to minimize the Kullback–Leibler (KL) divergence to the true posterior,

DKL

(
q(z) ∥ pϕ,r(z | x)

)
= Eq

[
log q(z)− log pϕ,r(z | x)

]
. (13)

By replacing the true posterior using Bayes’ theorem,

pϕ,r(z | x) =
pϕ(z) pr(x | z)

p(x)
, (14)

we obtain a tractable evidence lower bound (ELBO) for variational inference,

Lϕ,r(q) = Eq[log pϕ(z)] + Eq[log pr(x | λ)]− Eq[log q(z)] + const., (15)

which serves as a strict lower bound for the log likelihood. The first term has a closed-form expression. In
the case of BM,

Eq[log pϕ(z)] = −1

2

[
(mq − µ̂01)

⊤Σ−1(mq − µ̂01) + Tr(Σ−1diag(s2q))
]
− 1

2
log detΣ+const., (16)

and for OU,

Eq[log pϕ(z)] = −1

2

[
(mq −Wθ̂)⊤Σ−1(mq −Wθ̂) + Tr(Σ−1diag(s2q))

]
− 1

2
log detΣ+const. (17)

The second term, representing the softplus–NB observation model, reduces to,

Eq[log pr(x | λ)] =
L∑
i=1

[
log Γ(xi+r)−log Γ(r)+r log r+xiEq[log λi]−(xi+r)Eq[log(r+λi)]

]
+const..

(18)
The remaining expectations were estimated using Monte Carlo samples with reparameterization. For the
last term, the entropy,

−Eq[log q(z)] =
1

2

L∑
i=1

log s2qi + const. (19)

We jointly estimate the model and variational parameters by numerically maximizing Eq. 15 using the
Adam optimizer in PyTorch. Notably, the trailing constant does not depend on the model parameters and
can be ignored during optimization.

In cases where it is useful to pool data across trees, we sometimes optimize a joint log-likelihood func-
tion (sum of log likelihoods) based on shared parameters.
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Likelihood-ratio test to detect gene expression heritability along the tree

To test whether the expression of a gene is heritable along the cell-lineage tree, we made use of Pagel’s λ
(here denoted λP ), a scalar parameter that controls the strength of phylogenetic correlation among cells [42].
Given the covariance matrix Σ defined by the input lineage tree, we construct a λP -transformed covariance
matrix,

ΣλP ,ij =

Σij i = j

λPΣij i ̸= j,

where λP ∈ [0, 1]. When λP = 1, the full tree-induced covariance is retained, corresponding to a BM model
in which related cells have correlated latent expression values. When λP = 0, all off-diagonal covariance
terms are removed, corresponding to a star-tree or independent-cell model in which shared lineage histo-
ries make no contribution to patterns of expression variation. Intermediate values of λP allow for partial
contributions of heritability between cells.

For each gene, we compare two models. Under the null hypothesis H0, we fix λP = 0, so that the
latent expression values are independent across cells. Under the alternative hypothesis H1, λP is estimated
jointly with the remaining model parameters, allowing the data to determine the extent to which expression
variation follows the tree. In both models, latent expression values evolve according to the λP -weighted
BM and are linked to observed read counts through the softplus–NB observation model described above.

The variational likelihood-ratio test statistic is approximated by the difference between the ELBOs,

LRλP
≈ 2

[
L(q̂1; ϕ̂1, r̂1, λ̂P )− L(q̂0; ϕ̂0, r̂0, λP = 0)

]
. (20)

Because the alternative model introduces one additional free parameter, λP , we evaluate significance ap-
proximately using a χ2 distribution with one degree of freedom. Genes with significant likelihood-ratio test
statistics are interpreted as showing support for lineage-associated, heritable expression patterns. Finally,
we apply the Benjamini–Hochberg procedure across genes to control the false discovery rate (FDR).

Likelihood-ratio test for branch-specific shifts in gene expression

We test for expression shifts across cell types or tissue locations using an OU-based framework [34–
37]. Under the null hypothesis H0, all cells share a single optimal expression level θ, whereas under the
alternative hypothesis H1, each label of interest has a distinct θ. More generally, H0 may specify multiple θ
values, provided its label structure is nested within that of H1.

Similar to the heritability test, we perform a variational likelihood-ratio test using ELBO approxima-
tions:

LROU ≈ 2
[
L(q̂1; ϕ̂1, r̂1, θ̂1)− L(q̂0; ϕ̂0, r̂0, θ̂0)

]
, (21)

with degrees of freedom equal to the difference in the number of θ parameters between hypotheses. Sig-
nificance is assessed against both a χ2 reference distribution and an empirical null distribution obtained
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by simulating under the fitted null model and re-fitting both hypotheses. The empirical null can be shared
across all genes or computed per gene. Optionally, its tail is fitted with a generalized Pareto distribution
(GPD) to reduce the number of simulations. FDR was controlled using the Benjamini–Hochberg procedure.

Gaussian belief propagation to reconstruct gene expression history along the tree

For genes identified as heritably and differentially expressed along labeled branches, we reconstruct
latent gene expression histories on the full lineage tree, including internal ancestral nodes. The reconstruc-
tion is performed using Gaussian belief propagation under the fitted OU process. This procedure combines
information from the variational posterior distributions at the leaves and the Gaussian transition structure
imposed by the lineage tree.

In particular, after fitting the LaVOUS model for a given gene, we use the optimized variational distri-
butions at the leaves as approximate Gaussian observations of the latent expression states:

qi(zi) = N (zi | mqi, s
2
qi), (22)

where mqi and s2qi are the optimized variational mean and variance for leaf cell i. These variational distribu-
tions summarize the information provided by the observed read counts x after accounting for the nonlinear
softplus–NB observation model.

The latent expression state evolves along each branch according to the OU process as described by
Eq. 4. Because both the tree prior and the approximate leaf likelihoods are Gaussian, posterior inference
over all internal and leaf latent states can be carried out efficiently by message passing. Briefly, in the
upward pass, each leaf sends its Gaussian variational information to its parent. Internal nodes recursively
combine Gaussian messages from their children with the branch transition densities, producing a Gaussian
summary of the conditional likelihood of all descendant observations. In the downward pass, information
from the root and from sibling subtrees is propagated back toward the leaves, yielding the marginal posterior
distribution of each node’s latent expression state conditional on all observed cells.

For each node v in the tree, the result is an approximate posterior distribution,

p(zv | x, T , ϕ̂, r̂) ≈ N (mv, s
2
v),

where mv is the approximate posterior mean expression level and s2v is the posterior variance. The mean mv

is used as the reconstructed expression history, while s2v provides a measure of uncertainty in the inferred
ancestral state.

Data processing

The cancer metastasis dataset includes matched CRISPR barcodes and scRNA-seq data [17]. We fo-
cused our analysis on the largest metastatic tumor, 3724 NT All. CRISPR editing sites were used to re-
construct the sample lineage tree using VINE in migration mode [21]. The heritability test was based on

19

.CC-BY-NC-ND 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 28, 2026. ; https://doi.org/10.64898/2026.06.25.734628doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.25.734628
http://creativecommons.org/licenses/by-nc-nd/4.0/


the full clonal tree, while the differential test was limited to the large clade that contained only lung-to-soft
tissue metastasis (Fig. 3F). For transcriptomes, the cells with the highest sequencing depths were selected
as representatives for all cells with matching barcodes. LaVOUS was fitted to raw read counts, with median-
normalized total read counts used as library-size factors. Genes that were expressed in fewer than 10% of
representative cells were omitted. The differential test was applied to all genes that passed the heritability
test. An empirical calibration was carried out using 20,000 simulations, with generalized Pareto distribution
(GPD) tail fitting to define the empirical null distribution for all genes. Enrichment analyses of significant
genes were performed with g:Profiler [66].

The human B-cell dataset includes lineages from B-cell receptors and matched scRNA-seq data [52].
Preprocessed sequence data was retrieved from the TRIBAL study [53]. Lineage trees were built by Dowser
using IgPhyML with a junction length of 30 bp [54]. Our analysis focused on the two largest clonotypes,
1261 and 133, both of which exhibited clear IgG1-to-IgA1 isotype switches after removing other isotypes.
Cell-type labels were inferred by Fitch parsimony, with the root state fixed to IgG1. One cell with reversed
class switching was omitted. Subsequent preprocessing steps were similar to those described above. Owing
to the small number of genes, however, in this case we used gene-wise 2,000 simulations as empirical null
distributions.

The brain developmental dataset also includes matched CRISPR barcodes and scRNA-seq data [60].
We focused our analysis on the E15-rep1 clone, which contained sufficient numbers of floor plate cells. For
the heritability test, representative cells were selected from the dominant cell type of each barcode clone.
For the differential test, representative cells were selected from barcodes associated with floor-plate cell
types. Cell types on trees were labeled by Sankoff parsimony with a directional matrix following the cell
differentiation paths. Lineage trees were constructed by VINE and LaVOUS analyses were performed as
described above. Diffusion-pseudotime (DPT) trajectory analyses were conducted using Scanpy [12, 62].
Count data were filtered for genes expressed in at least 3 cells, library-size normalized to 10,000 counts per
cell, log-transformed, and reduced to the top 2,000 highly variable genes. After scaling, we computed 50
PCA components, built a 30-nearest-neighbor graph, and inferred diffusion maps and DPT. The trajectory
was rooted in the Rgl1 progenitor population, choosing the root cell nearest the progenitor PCA centroid.
For each gene, log-normalized expression was correlated with DPT separately along the progenitor-to-DA
and progenitor-to-GLU paths, and these branch-specific Pearson correlations were compared with LaVOUS-
significant genes highlighted in Fig. 5F.

Code availability

LaVOUS has been implemented as an open-sourced Python package available under MIT License at
GitHub: https://github.com/Jiawei-Xing/LaVOUS. Generative AI tools (including ChatGPT and Claude)
were used to assist with language editing, code development, and improving the clarity of the manuscript.
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[12] Haghverdi, L., Büttner, M., Wolf, F. A., Buettner, F. & Theis, F. J. Diffusion pseudotime robustly
reconstructs lineage branching. Nature Methods 13, 845–848 (2016).

[13] Street, K. et al. Slingshot: cell lineage and pseudotime inference for single-cell transcriptomics. BMC
Genomics 19, 477 (2018).

[14] Chan, M. M. et al. Molecular recording of mammalian embryogenesis. Nature 570, 77–82 (2019).

[15] Quinn, J. J. et al. Single-cell lineages reveal the rates, routes, and drivers of metastasis in cancer
xenografts. Science 371, eabc1944 (2021).

[16] Simeonov, K. P. et al. Single-cell lineage tracing of metastatic cancer reveals selection of hybrid EMT
states. Cancer Cell 39, 1150–1162 (2021).

[17] Yang, D. et al. Lineage tracing reveals the phylodynamics, plasticity, and paths of tumor evolution.
Cell 185, 1905–1923.e25 (2022).

[18] Jones, M. G. et al. Inference of single-cell phylogenies from lineage tracing data using Cassiopeia.
Genome Biology 21, 92 (2020).

[19] Chu, G., Mai, U., Schmidt, H. & Raphael, B. J. Maximum likelihood inference of time-scaled cell
lineage trees with mixed-type missing data using LAML. Genome Biology 26, 189 (2025).

[20] Staklinski, S. J. et al. Bayesian inference of tissue-migration histories in metastatic cancer from cell-
lineage tracing data. Cell Genomics (2026).

[21] Siepel, A., Hassett, R. & Staklinski, S. J. VINE: Variational inference for scalable Bayesian recon-
struction of species and cell-lineage phylogenies. bioRxiv (2025).

[22] Forrow, A. & Schiebinger, G. LineageOT is a unified framework for lineage tracing and trajectory
inference. Nature Communications 12, 4940 (2021).

[23] Wang, K. et al. PhyloVelo enhances transcriptomic velocity field mapping using monotonically ex-
pressed genes. Nature Biotechnology 42, 778–789 (2024).

22

.CC-BY-NC-ND 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 28, 2026. ; https://doi.org/10.64898/2026.06.25.734628doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.25.734628
http://creativecommons.org/licenses/by-nc-nd/4.0/


[24] Wang, S. W., Herriges, M. J., Hurley, K., Kotton, D. N. & Klein, A. M. CoSpar identifies early cell fate
biases from single-cell transcriptomic and lineage information. Nature Biotechnology 40, 1066–1074
(2022).

[25] Ouardini, K. et al. Reconstructing unobserved cellular states from paired single-cell lineage tracing
and transcriptomics data. bioRxiv (2021).

[26] Majima, K. et al. LineageVAE: reconstructing historical cell states and transcriptomes toward unob-
served progenitors. Bioinformatics 40, btae520 (2024).

[27] Schiffman, J. S. et al. Defining heritability, plasticity, and transition dynamics of cellular phenotypes
in somatic evolution. Nature Genetics 56, 2174–2184 (2024).

[28] DeTomaso, D. & Yosef, N. Hotspot identifies informative gene modules across modalities of single-
cell genomics. Cell Systems 12, 446–456 (2021).
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