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Abstract

Understanding single-cell transcriptional dynamics during cellular differentiation and
transition is fundamental to developmental biology. RNA velocity serves as a valuable ap-
proach for inferring these dynamics but is constrained by its reliance on simplified splicing
kinetics. As a kinetics-free alternative, pseudotime-based approaches have been developed
to reconstruct cellular transitions. Nevertheless, these approaches merely estimate cell—cell
transitions by biasing the edges of a nearest-neighbor graph toward mature cell states.
Here, we present PseudoVelo, a computational method that infers gene expression deriva-
tives along pseudotime as “pseudo-velocity”. Utilizing the Generalized Additive Models
commonly applied in pseudotime analysis, PseudoVelo fits the expression of each gene
as a function of pseudotime. Then, by employing a central difference approximation, our
method directly calculates the derivative of gene expression with respect to pseudotime,
thereby obtaining the pseudo-velocity for each individual cell. Evaluated on multiple
developmental processes, PseudoVelo demonstrates strong performance compared to Cell-
Rank 2, effectively recovering correct cellular trajectories using diverse temporal priors and
demonstrating high resilience against various data perturbations.

Keywords: pseudotime; RNA velocity; differentiation; embryo; cellular process; ontogenesis;
single-cell RNA sequencing

1. Introduction

Understanding the complex transcriptional dynamics underlying cellular differentia-
tion and lineage commitment is a fundamental pursuit in developmental biology. RNA
velocity has emerged as a valuable approach for inferring the future state of individual cells
during developmental processes [1-5]. However, current RNA velocity methods heavily
rely on simplified models of splicing kinetics, which can produce conflicting trajectories
in challenging settings [6,7]. As a kinetics-free alternative, pseudotime-based approaches
have been developed to reconstruct cellular transitions. A prominent example is Cell-
Rank 2, which offers a straightforward approach based on the conceptual framework of
Palantir to infer cellular dynamics by biasing a nearest-neighbor graph constructed from
transcriptional similarity toward increasing pseudotime [8,9]. However, a shortcoming of
this approach is that nearest-neighbor graphs are constructed based on gene expression
resemblance, which does not necessarily reflect the actual transition probabilities between
cellular states, raising concerns about their reliability.
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We present PseudoVelo, a computational method that infers gene expression deriva-
tives along pseudotime as “pseudo-velocity”, implemented as an accessible Python pack-
age. Our approach is built upon Generalized Additive Models (GAMs), a class of highly
flexible statistical models designed to capture complex, non-linear relationships between
variables [10]. In pseudotime analysis, GAMs are widely utilized because they excel at cap-
turing the complex expression patterns of genes along a developmental continuum [11-13].
PseudoVelo utilizes GAMs to fit the expression of each gene as a smooth function of pseu-
dotime. Then, by employing a central difference approximation on the fitted curves, our
method directly calculates the derivative of gene expression with respect to pseudotime,
thereby obtaining the pseudo-velocity for each individual cell.

To evaluate its performance, we applied PseudoVelo to multiple developmental
datasets, including mouse erythrocyte maturation, zebrafish early embryogenesis, mouse
pancreatic endocrinogenesis, and human hematopoiesis [9,14-16]. To this end, we intro-
duced a quantitative benchmarking framework encompassing Cross-Boundary Direction
Correctness (CBDC), Local Projection Consistency (LPC), and Initial / Terminal State Accu-
racy (ITSA). Our results demonstrate that PseudoVelo consistently outperforms CellRank 2,
the leading alternative method in this domain, across these metrics. Furthermore, Pseu-
doVelo exhibits robustness to the choice of input pseudotime; when provided with different
temporal priors—such as Diffusion Pseudotime [17,18] or CytoTRACE scores [19]—as
inputs, our method effectively recovers the expected developmental trajectories. Finally, we
establish PseudoVelo’s high resilience to various data perturbations (such as unsupervised
re-clustering, cell subsampling, and gene subsampling) and demonstrate its responsive
reflection of erroneous temporal priors, cementing it as an effective tool for inferring cellular
dynamics in development.

2. Results

2.1. The Design of PseudoVelo: Fitting Gene Expression Dynamics and Inferring Derivatives via
Numerical Differentiation

We developed PseudoVelo, a computational framework that directly infers pseudo-
velocity from pseudotime. The core principle of PseudoVelo is to establish a continuous
statistical mapping between pseudotime and gene expression and subsequently utilize
numerical differentiation to estimate the instantaneous rate of change for each gene.

The PseudoVelo pipeline begins by modeling the expression dynamics of individual
genes along a pseudotime continuum (Figure 1a). We employ Generalized Additive
Models (GAMs) equipped with a log link function and B-spline basis functions to non-
linearly approximate the mean expression of each gene as a smooth function of pseudotime.
PseudoVelo implements an adaptive knot allocation mechanism that dynamically adjusts
the freedom of the fitted curve based on the effective time span of the data. When cell
lineage or cluster labels are available, this adaptive fitting mechanism is applied at the
subpopulation level to prevent over-smoothing in some clusters while capturing complex
dynamics in main trajectories.

Once the continuous mean expression function is established for each gene, Pseu-
doVelo calculates the pseudo-velocity for each individual cell (Figure 1b). In actual im-
plementation, we employ a central difference approximation scheme rather than direct
differentiation. By introducing a strictly controlled, sufficiently small time perturbation
tied to the global time span of the manifold, the algorithm computes the time derivative of
the expected expression value. Through this approach, the time derivatives of all genes at
their respective pseudotime coordinates are calculated for every cell, ultimately yielding a
pseudo-velocity matrix that can be seamlessly integrated into existing downstream analyses
designed for traditional RNA velocity.
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Figure 1. Overview of the PseudoVelo. (a) GAM fitting of gene expression dynamics. (Left) Schematic
representation of the gene expression matrix, where the red line highlights a specific gene, Gene X.
(Right) The expression of Gene X is fitted as a function of pseudotime t. Serving as a representative
example, all genes are individually fitted as smooth functions of pseudotime, from f;(t) to fq(t).
(b) Estimation of pseudo-velocity via central difference approximation. (Right) Based on the fitted
curve of Gene X from (a), a central difference approximation is employed to estimate the time
derivative of Gene X at a specific pseudotime ;. (Left) By applying this approach, the pseudotime
derivatives of all genes at the corresponding time points for all individual cells are calculated, yielding
the pseudo-velocity matrix as the final output of the model.

To quantitatively evaluate the performance of PseudoVelo and other methods, we
designed a benchmarking framework encompassing three key metrics (see Methods for
mathematical details). Because methods like CellRank 2 directly output a cell-to-cell tran-
sition probability matrix rather than velocities, and standard downstream analyses of
traditional velocities also require their conversion into transition probabilities, all metrics
are evaluated at the transition probability level to ensure a fair comparison. First, Cross-
Boundary Direction Correctness (CBDC) assesses whether the inferred transition probabil-
ities accurately capture the expected developmental directions between known sequential
cell clusters. Second, Local Projection Consistency (LPC) measures the smoothness and
spatial coherence of the projected developmental flows in low-dimensional embeddings.
Finally, Initial/Terminal State Accuracy (ITSA) evaluates the model’s biological relevance
by quantifying its accuracy in identifying the correct developmental roots and terminally
differentiated states based on the transition matrix.

2.2. PseudoVelo Infers Pseudo-Velocities Across Different Temporal Metrics During Erythroid
Maturation

We applied PseudoVelo to a dataset of erythroid maturation during mouse gastrula-
tion [15]. This developmental process serves as a classical model for evaluating cellular
dynamics inference due to its continuous evolution and drastic transcriptomic remodel-
ing. As visualized in the UMAP embedding (Figure 2a), the cells exhibit a clear linear
trajectory in low-dimensional space, initiating at Blood Progenitor 1, advancing through
Blood Progenitor 2 and early erythroid stages (Erythroid 1 and 2), and terminating at the
Erythroid 3 state.
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Figure 2. PseudoVelo infers pseudo-velocities across different temporal metrics during erythroid
maturation. (a) UMAP embedding of gastrulation erythroid maturation (9815 cells and 2000 highly
variable genes), colored by cell type. (b,d) UMAPs colored by Diffusion Pseudotime (b) and Cyto-
TRACE score (d). The red asterisk in (b) indicates the root of Diffusion Pseudotime. Both metrics
capture the global trajectory. (c,e), Streamline projections on the UMAP embeddings based on Dif-
fusion Pseudotime (c) and CytoTRACE score (e). Streamlines are derived from cellular transitions
inferred by CellRank 2 (left) and pseudo-velocities inferred by PseudoVelo (right). Compared to the
patterns in CellRank 2, PseudoVelo consistently yields smoother and more coherent trajectories. The
Cross-Boundary Direction Correctness (CBDC) metrics, calculated based on cell types to evaluate
global developmental directionality, are annotated on the respective plots. (f) Boxplots showing the
per-cell distribution of the Local Projection Consistency (LPC) metric for PseudoVelo and CellRank
2. The LPC metric measures the smoothness and spatial coherence of the projected developmental
flows in low-dimensional embeddings. The left panel shows results based on Diffusion Pseudotime,
and the right panel shows results based on the CytoTRACE score. (g) Comparison of the consistency
between Diffusion Pseudotime and CytoTRACE score when used as temporal priors for inferring
low-dimensional projections of developmental flows. Results derived from PseudoVelo and CellRank
2 are presented in two separate boxplots.
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To drive our pseudo-velocity inference, we employed two representative inferred
temporal metrics with distinct algorithmic principles: Diffusion Pseudotime (DPT) [17,18],
which measures diffusion distances on a cell-cell graph, and CytoTRACE [19], which
estimates developmental potential based on expressed gene counts. Although this develop-
mental potential decreases as cells mature—meaning the CytoTRACE score is inversely
correlated with the forward direction of developmental time—it can still be effectively
utilized as a valid temporal proxy. Both temporal metrics successfully capture the overall
global developmental trajectory (Figure 2b,d).

We then compared the performance of PseudoVelo against CellRank 2 [8] using these
two distinct temporal metrics. When driven by either DPT or CytoTRACE score, CellRank
2 manages to capture the overall progression from Blood Progenitor 1 to Erythroid 3;
however, the resulting trajectories are highly disordered (Figure 2ce, left). In contrast,
PseudoVelo leverages these exact same inputs to generate well-organized streamlines that
exhibit robust directional consistency (Figure 2c,e, right). To quantitatively evaluate this,
we computed the Cross-Boundary Direction Correctness (CBDC) metric, which assesses the
accuracy of global developmental directionality between sequential cell types. PseudoVelo
outperforms CellRank 2 under both temporal priors (CBDC of 0.91 vs. 0.59 for DPT and
0.87 vs. 0.56 for CytoTRACE).

Furthermore, we evaluated the Local Projection Consistency (LPC) metric, which
measures the smoothness and spatial coherence of the projected developmental flows in the
low-dimensional embeddings (Figure 2f). PseudoVelo consistently yields highly coherent
local flows, achieving a highly median LPC of 0.99 for both DPT and CytoTRACE inputs.
This surpasses CellRank 2, which exhibits much higher variance and lower median LPC
scores of 0.61 and 0.48, respectively.

Finally, we assessed the robustness of the inferred developmental flows across the
different temporal metrics (Figure 2g). By comparing the consistency of the projected
flows when using DPT versus CytoTRACE score as temporal priors, we found that Pseu-
doVelo maintains high stability (median consistency score of 0.99), slightly outperforming
CellRank 2, which also demonstrates a relatively high consistency (median score of 0.95).
Conceptually, because pseudotime metrics primarily represent the relative ordering of cells
rather than real time, we adopt the designation of “pseudo-velocity.” However, the remark-
able stability of these pseudo-velocities across distinct temporal inputs demonstrates that
PseudoVelo captures meaningful and generalized developmental dynamics underlying
these distinct pseudotimes.

2.3. PseudoVelo Infers Pseudo-Velocities Along Branching Trajectories in Zebrafish Embryogenesis

To further evaluate PseudoVelo’s performance on more complex developmental topolo-
gies, we applied it to a branching trajectory of zebrafish early embryogenesis [14]. Specifi-
cally, we focused on the axial mesoderm lineage, a classic model for axis formation and
lineage specification. In a high-resolution single-cell dataset spanning 3.3 to 12 h post-
fertilization, the original force-directed layout (FDL) clearly captures the bifurcation of
early blastomeres into two distinct terminal fates: the notochord and the prechordal plate
(Figure 3a). This branching progression is further validated by the continuous experimental
time points (Figure 3b).
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Figure 3. PseudoVelo infers pseudo-velocities along the branching trajectories of zebrafish embryo-
genesis. (a) Force-directed layout of the axial mesoderm lineage during zebrafish embryogenesis
(2341 cells and 2000 highly variable genes), colored by cell type. (b) Force-directed layout colored by
sampling time, serving as a reference for the trajectory direction. (c,e), Force-directed layouts colored
by Diffusion Pseudotime (c) and CytoTRACE score (e). The red asterisk in (c) indicates the root of
Diffusion Pseudotime. Both metrics capture the global trajectory. (d,f) Streamline projections on
the force-directed layout based on Diffusion Pseudotime (d) and CytoTRACE score (f). Streamlines
are derived from cellular transitions inferred by CellRank 2 (left) and pseudo-velocities inferred
by PseudoVelo (right). Compared to the patterns in CellRank 2, PseudoVelo consistently yields
smoother and more coherent trajectories. The Cross-Boundary Direction Correctness (CBDC) metrics,
calculated based on sampling time to evaluate global developmental directionality, are annotated on
the respective plots. (g) Boxplots showing the per-cell distribution of the Local Projection Consistency
(LPC) metric for PseudoVelo and CellRank 2. The LPC metric measures the smoothness and spatial
coherence of the projected developmental flows in low-dimensional embeddings. The left panel
shows results based on Diffusion Pseudotime, and the right panel shows results based on CytoTRACE
score. (h) Comparison of the consistency between Diffusion Pseudotime and CytoTRACE score when
used as temporal priors for inferring low-dimensional projections of developmental flows. Results
derived from PseudoVelo and CellRank 2 are presented in two separate boxplots.

https://doi.org/10.3390/ijms27146420


https://doi.org/10.3390/ijms27146420

Int. J. Mol. Sci. 2026, 27, 6420

7 of 16

As in the previous analysis, we drove the pseudo-velocity inference using two dis-
tinct temporal metrics: Diffusion Pseudotime (DPT) [17,18] and CytoTRACE score [19]
(Figure 3c,e). We observed that the performance of CellRank 2 [8] is highly sensitive to
the choice of input metric on this branching manifold. When driven by DPT—which
exhibits a skewed temporal distribution in this specific dataset—CellRank 2 produces
highly disordered and chaotic trajectories that fail to clearly capture the developmental
progression (Figure 3d, left). Although CellRank 2 performs noticeably better with the
CytoTRACE score by capturing the global branching topology, the resulting streamlines
remain somewhat disordered (Figure 3f, left). In contrast, PseudoVelo effectively over-
comes the skewed distribution of DPT and generates smooth, coherent trajectories with
both temporal inputs, accurately reconstructing the developmental bifurcation toward
both the notochord and prechordal plate (Figure 3d.f, right). To quantitatively evaluate
this, we computed the Cross-Boundary Direction Correctness (CBDC) metric based on
the experimental sampling time. PseudoVelo consistently outperforms CellRank 2 under
both temporal priors, achieving CBDC of 0.81 versus 0.54 for DPT, and 0.74 versus 0.59 for
CytoTRACE score.

Furthermore, we evaluated the Local Projection Consistency (LPC) metric to measure
the smoothness and spatial coherence of the projected developmental flows (Figure 3g).
PseudoVelo successfully maintains coherent local flows even on this complex branching
manifold, achieving median LPC scores of 0.87 and 0.73 for DPT and CytoTRACE inputs,
respectively. In contrast, CellRank 2 exhibits much lower median LPC scores of 0.27
and 0.19.

Finally, we assessed the robustness of the inferred developmental flows across the
different temporal metrics (Figure 3h). By comparing the consistency of the projected flows
when using DPT versus CytoTRACE score as temporal priors, PseudoVelo demonstrates
high stability with a median consistency score of 1.00. CellRank 2 also displays a relatively
high consistency across temporal inputs (median score of 0.90). The success of PseudoVelo
on this branching manifold highlights the efficacy of its adaptive fitting and numerical
differentiation approach.

2.4. PseudoVelo Demonstrates Robustness Across Various Data and Perturbations

To further benchmark the performance of PseudoVelo on complex datasets, we ex-
panded our evaluation to two additional classical datasets: a mouse pancreatic endocrino-
genesis dataset (referred to as Pancreas in the tables) [16]; and a dataset of early human
hematopoiesis from CD34+ bone marrow cells (referred to as Bone Marrow) [9] (Table 1,
Figures S1 and S2). When provided with a correct temporal prior, PseudoVelo consistently
outperformed CellRank 2 across these datasets in terms of Cross-Boundary Direction Cor-
rectness (CBDC) and Local Projection Consistency (LPC). Initial / Terminal State Accuracy
(ITSA), which was calculated using the CellRank framework based on the inferred transi-
tion matrices, also confirmed that PseudoVelo effectively identifies the biological roots and
terminal states. Notably, to calculate the CBDC metric, we utilized sequential cell types
for the Pancreas, Bone Marrow, and Erythroid datasets, whereas we used the experimental
sampling time for the Zebrafish embryogenesis dataset.

To systematically assess model robustness, we evaluated both methods under three
data perturbation strategies: re-clustering (using Scanpy’s Leiden algorithm [18,20] for un-
supervised clustering, which PseudoVelo leverages for sub-population adaptive fitting), cell
subsampling (randomly retaining 50% of cells), and gene subsampling (randomly retaining
50% of genes) (Table 2, Figure S3). The re-clustering results demonstrate that PseudoVelo
does not rely on predefined or specific manual annotations; performing unsupervised
clustering still allows it to run effectively, with the final performance remaining almost
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unaffected. For the Erythroid maturation dataset (previously analyzed in Section 2.2),
which presents a linear non-branching trajectory, PseudoVelo does not rely on cluster
information, and thus its re-clustering results naturally remained perfectly consistent with
the original unperturbed baseline. Across all datasets, including the Zebrafish embryoge-
nesis (Section 2.3), Pancreas, and Bone Marrow datasets, PseudoVelo demonstrated high
resilience to these perturbations, maintaining superior CBDC and LPC scores compared to
CellRank 2.

Table 1. Quantitative benchmarking of PseudoVelo and CellRank 2 across multiple developmental

datasets.
Pseudoti Pri PseudoVelo CellRank2
seudotime rior
Dataset . LPC LPC
P Stat
rior atus CBDC (Median) ITSA CBDC (Median) ITSA
Erythroid DPT Correct 0.91 0.99 1 059 0.61 0.67
maturation
Erythroid CytoTRACE  Correct 0.87 0.99 1 0.56 0.48 0.67
maturation
Zebrafish DPT Correct 0.81 0.87 0.75 0.54 0.27 0.75
embryogenesis
Zebrafish o\ \TRACE  Correct 0.74 0.73 1 0.59 0.19 0.75
embryogenesis
Pancreas DPT Correct 0.63 0.82 0.8 0.53 0.52 0.57
Pancreas CytoTRACE Incorrect 0.4 0.72 0.14 0.5 0.51 0.57
Bone Marrow DPT Correct 0.69 0.46 1 0.57 0.29 0.63
Bone Marrow  CytoTRACE Incorrect 0.55 0.53 0.33 0.52 0.35 0.63

Performance is evaluated using three metrics: Cross-Boundary Direction Correctness (CBDC) for global de-
velopmental directionality, Local Projection Consistency (LPC, median) for the smoothness of the projected
developmental flows, and Initial / Terminal State Accuracy (ITSA) for the biological relevance of cell fate predic-
tion. Two temporal priors, Diffusion Pseudotime (DPT) and CytoTRACE score, were utilized. Yellow shading
indicates an incorrect input temporal prior. Bold values indicate the superior performance between the two
methods for a given metric and condition.

Table 2. Robustness benchmarking of PseudoVelo and CellRank 2 under various data perturbations.

doti PseudoVelo CellRank2
Dataset Pse;ri(:)trlme Perturbation CBDC LPC ITSA CBDC LPC ITSA
(Median) (Median)
Erythroid DPT Re-clustering  0.91 0.99 1 059 0.61 0.67
maturation
Erythroid DPT Cell 0.93 0.99 1 0.6 0.66 0.67
maturation Subsampling
Erythroid DPT Gene 0.89 0.99 1 0.59 0.6 0.67
maturation Subsampling
Zebrafish DPT Re-clustering  0.77 0.72 075 054 027 0.75
embryogenesis
Zebrafish DPT Cell | 0.8 0.79 075 054 0.36 0.75
embryogenesis Subsampling
Zebrafish - DPT Gene 0.78 0.89 0.75 0.53 0.25 0.75
embryogenesis Subsampling
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Table 2. Cont.
Pseudoi PseudoVelo CellRank2
Dataset se;ri(())trlme Perturbation CBDC LPC ITSA CBDC LPC ITSA
(Median) (Median)
Pancreas DPT Re-clustering 0.65 0.72 1 0.53 0.52 0.57
Pancreas DPT Cell | 0.61 0.68 0.5 0.54 0.63 0.38
Subsampling
Pancreas DPT Gene 0.61 0.75 0.8 0.53 0.46 0.57
Subsampling
Bone Marrow DPT Re-clustering 0.72 0.65 0.71 0.57 0.29 0.63
Bone Marrow DPT Cell . 0.68 0.31 0.71 0.57 0.38 0.63
Subsampling
Bone Marrow DPT Gene 0.72 0.61 083 059 0.36 0.4
Subsampling

To assess the stability of model performance, both methods were evaluated under three data perturbation
strategies: re-clustering, cell subsampling, and gene subsampling. Diffusion Pseudotime (DPT) was utilized as
the consistent temporal prior across all four datasets. Model robustness is quantitatively evaluated using three
metrics: Cross-Boundary Direction Correctness (CBDC) for global developmental directionality, Local Projection
Consistency (LPC, median) for the smoothness of the projected developmental flows, and Initial /Terminal State
Accuracy (ITSA) for the biological relevance of cell fate prediction. Bold values indicate the superior performance
between the two methods for a given metric and perturbation condition.

In the Pancreas and Bone Marrow datasets, the CytoTRACE score provides an incorrect
representation of the developmental direction. As shown in Table 1, PseudoVelo reflects
this erroneous input with a substantial drop in performance metrics, directly illustrating
the method’s effective mapping of the provided temporal prior. In contrast, CellRank 2
yields CBDC scores hovering around 0.5 with only a slight decrease, indicative of severe
random noise. We further validated this responsiveness by calculating DPT using sub-
optimal and incorrect root nodes (root2 and root3) in the Zebrafish embryogenesis dataset
(Table S1, Figure S4). Similarly to the CytoTRACE results, supplying these incorrect root
nodes caused a prominent and expected decline in PseudoVelo’s CBDC, whereas CellRank
2 showed only a marginal decrease.

Finally, while traditional RNA velocity methods are based on fundamentally dif-
ferent principles (utilizing spliced /unspliced ratios rather than pseudotime mapping)
and are not our direct comparison targets, we computed the metrics for scVelo [2] and
Cell2fate [5] on the Erythroid maturation and Pancreas datasets to provide a baseline
reference (Table S2, Figure S5). Notably, PseudoVelo generates highly coherent flow fields
with LPC scores highly comparable to these traditional RNA velocity methods. In contrast,
CellRank 2 produces much lower LPC scores, further highlighting PseudoVelo’s advantage
in producing smooth developmental flows in the form of pseudo-velocities. Addition-
ally, we evaluated the computational efficiency of our method, detailing the runtime of
PseudoVelo in Table S3.

3. Discussion

The inference of cellular dynamics from single-cell RNA sequencing data remains a
fundamental challenge in developmental biology. While RNA velocity [1,2] has provided a
valuable framework for predicting future cell states, its reliance on splicing kinetics can
sometimes lead to conflicting trajectories, particularly in complex systems. Pseudotime-
based alternative approaches, such as CellRank 2 [8], have offered useful workarounds but
estimate transitions by biasing nearest-neighbor graphs rather than deriving transcriptomic
rates of change. In this study, we introduced PseudoVelo, a computational framework
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that infers pseudo-velocity from pseudotime. Building upon the conventional pseudo-
time fitting of gene expression dynamics based on Generalized Additive Models (GAMs),
PseudoVelo employs central difference approximation to estimate the rate of change for
each gene, yielding a pseudo-velocity matrix. Importantly, this matrix is fully compatible
with existing downstream analysis tools originally designed for traditional RNA velocity,
ensuring seamless integration into standard single-cell workflows.

Our evaluations across multiple datasets, including erythrocyte maturation, zebrafish
embryogenesis, mouse pancreatic endocrinogenesis, and human hematopoiesis, high-
light the utility of PseudoVelo. Quantitative benchmarking using metrics such as Cross-
Boundary Direction Correctness (CBDC) and Local Projection Consistency (LPC) demon-
strated that, compared to the graph-biasing approach of CellRank 2 [8], PseudoVelo gener-
ally produced more organized developmental flows with stronger local spatial coherence,
mitigating the disordered transitions sometimes observed in graph-based estimations.
Additionally, our perturbation analyses (re-clustering, cell subsampling, and gene sub-
sampling) indicate that PseudoVelo maintains a stable performance profile across various
data alterations.

We also acknowledge several potential concerns regarding PseudoVelo. First, because
the model is fundamentally driven by pseudotime, there are natural apprehensions re-
garding its dependence on the scale and quality of the initial temporal prior. Regarding
the temporal scale, our evaluations demonstrate that PseudoVelo effectively overcomes
this challenge; by utilizing distinct temporal priors with varying temporal distributions
(such as DPT [17] and CytoTRACE [19]), the model yields highly consistent performance.
Conversely, the quality of the prior remains a strict limitation. As demonstrated in our
results, if an incorrect temporal prior is supplied, PseudoVelo cannot correct this upstream
failure and will predictably reflect the error. Second, regarding the subpopulation-aware
adaptive fitting mechanism, one might be concerned that it relies heavily on specific, user-
provided lineage annotations. However, our re-clustering perturbation tests alleviate this
concern, demonstrating that the framework does not strictly depend on predefined manual
annotations; employing standard unsupervised clustering algorithms (such as Leiden [20])
serves as a highly adequate substitute, yielding performance that is equally effective. Fi-
nally, while GAMs are highly flexible, modeling massive datasets with tens of thousands
of genes across complex manifolds can be computationally intensive. To address this,
our implementation utilizes multi-process parallel optimization to significantly mitigate
the computational burden. Furthermore, we have provided an empirical evaluation of
PseudoVelo’s runtime in the Supplementary Materials.

4. Methods
4.1. PseudoVelo Algorithm Design

PseudoVelo is a computational framework designed to infer pseudo-velocity driven
by pseudotime. The core principle of the algorithm is to construct a continuous statistical
mapping between pseudotime and gene expression and subsequently utilize numerical
differentiation to estimate the pseudo-velocity.

4.2. Statistical Modeling of Expression Dynamics

The core objective of our algorithm is to map high-dimensional, discrete single-cell
expression counts into a continuous probability space driven by a pseudotime covariate.
To address the overdispersion commonly observed in single-cell RNA sequencing data, we
model the conditional distribution of gene expression using the Negative Binomial (NB)
distribution [21].

https://doi.org/10.3390/ijms27146420


https://doi.org/10.3390/ijms27146420

Int. J. Mol. Sci. 2026, 27, 6420

11 of 16

For a given single-cell dataset, let 1 be the total number of cells and let m be the total
number of genes. Let Y;, represent the transcript abundance of gene g (¢ = 1,...,m) in cell
i(i=1,...,n). Concurrently, each cell is assigned a pseudotime coordinate t; € R. Within
our Generalized Additive Model (GAM) framework, the conditional distribution of gene
expression is parameterized as

Yig | ti ~ NB(pig(ti), oig ()

where the mean parameter j;, represents the basal expression level of gene g at time ¢; and
the dispersion parameter ¢;, accounts for both biological and technical stochasticity.

To preserve biological non-linear dynamics while ensuring the continuous differentia-
bility of the function, we employ a log link function to associate the mean parameter y;,
with the pseudotime ¢;:

log(pig(ti)) = Bgo + fo(ti)

Here, B0 serves as the intercept for the baseline expression level, and the smooth func-
tion f¢(t;) is non-linearly approximated through an expansion of B-spline basis functions:

Ke
fe(ti) = k; ber (ti) Yk

where by (+) represents the spline basis function of degree d (defaulted to d = 3). The
parameter K, represents the degrees of freedom, which dictate the flexibility of the curve.
Unlike traditional GAMs that use a fixed global degree of freedom for all cells, PseudoVelo
introduces a dynamic knot allocation mechanism tailored for cellular sub-clusters (detailed
in Section 4.4).

Model Implementation:

The GAM framework was implemented using the statsmodels package (v[0.14.5]) in
Python, specifically utilizing the GLMGam and BSplines modules. Our primary objective
is to obtain a point estimate of the mean expression trajectory yu(t) to derive velocity.
Statistically, the point estimates of the mean are highly robust and remain consistent
regardless of the exact dispersion value. Therefore, to ensure algorithmic stability and
optimize computational runtime, we utilized a fixed dispersion parameter (x = 1) as a
baseline overdispersion penalty. This approach successfully regularizes the non-linear
mean fitting without sacrificing computational efficiency.

PseudoVelo is designed to be highly scalable. Since the GAM fitting processes are
strictly independent across genes, multi-core parallelization was implemented via the joblib
package (v[1.5.1]) [22]. This parallel processing significantly reduces the runtime overhead.

4.3. Velocity Derivation via Numerical Differentiation

Once a continuous function ig(t) describing the mean expression of each gene with
respect to pseudotime is obtained, pseudo-velocity can be defined as the instantaneous rate
of change in the expected expression value over time.

The theoretical solution for pseudo-velocity is

dpg ()
Vs T T

t=t;

To approximate this derivative in a discrete computational environment and avoid nu-
merical instability from direct differentiation, we employ a central difference approximation
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scheme. For a specific, infinitesimally small time perturbation J, the velocity component is
approximately calculated as

o A po(ti +0) — pg(t; —90)
18 26

In our implementation, the perturbation ¢ is not arbitrarily assigned but is strictly tied
to the global time span of the entire manifold. Letting the upper and lower limits of the
global time interval be t,,y and t,,;,, respectively, we define § = € - (tyax — tyin), where the
scaling factor € defaults to 10~°. This adaptive perturbation ensures the validity of the local
limit theorem for numerical differentiation while preventing computational overflow or
underflow caused by floating-point precision limitations across different time scales.

Boundary Handling:

To strictly prevent the perturbation bounds from exceeding the empirical pseudotime
domain, a boundary clipping strategy was implemented. Specifically, the perturbed coor-
dinates t; — 6 and t; 4 6 are constrained using a min--max truncation, ensuring that any
boundary predictions are conservatively evaluated at the absolute minimum or maximum
of the observed pseudotime within the local cluster.

4.4. Adaptive Fitting Mechanism for Cell Subpopulations

In real-world developmental systems, a single global time axis often fails to capture
the heterogeneous dynamic features across different cell lineages. Therefore, PseudoVelo
integrates an adaptive fitting mechanism tailored for cell subpopulations.

When single-cell data is accompanied by lineage or cluster labels, the algorithm
decomposes the probability mapping—originally performed on the global domain—into
multiple independent subspace fitting tasks. For a set of cells C, belonging to a specific
cluster c, the internal time span is typically only a subset of the global span. To accommodate
this, we defined a global baseline degree of freedom (K., set to 10 by default). The
algorithm adaptively adjusts the flexibility parameter of the spline function:

At
K(C):max Kppeo - ———— |, d+1
& ( ’7 base Atglobal

where At is the effective time span of the subset and Aty is the global time span. This
constraint mathematically ensures that the degrees of freedom always satisfy the statistical
lower bound (K¢ > d + 1). More importantly, this dynamic scaling strategy ensures that
in terminally differentiated clusters with short time spans, the model favors more robust,
lower-order smoothing to prevent biologically implausible oscillations. Conversely, in
the main developmental trunk where the time span is longer and transcription changes
drastically, the model is granted sufficient degrees of freedom to capture complex dynamics.

Furthermore, for sub-clusters that are completely quiescent or whose time span ap-
proaches zero, the algorithm triggers a safeguard mechanism, directly downgrading them
to a constant mapping (constant expression and zero velocity), thereby ensuring the robust-
ness of the entire computational pipeline.

4.5. scRNA-Seq Data and Pre-Processing

Single-cell RNA-seq data were pre-processed prior to GAM fitting using the Scanpy
package (v[1.11.4]) [18]. The input expression matrix (X) was library-size-normalized and
log-transformed. Subsequently, to ensure statistical reliability and reduce computational
redundancy, highly variable genes (HVGs) were calculated, and the top 2000 HVGs were
selected for the downstream velocity modeling pipeline.
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We analyzed four datasets: a zebrafish embryogenesis subset of 2341 cells (Farrell
et al. [14], filtered according to Lange et al. [23]), a mouse gastrulation erythroid lineage
subset of 9815 cells provided by the scVelo documentation [2] (originally from Pijuan-Sala
et al. [15]), a human bone marrow CD34+ dataset provided by CellRank [8] (originally from
Setty et al. [9]), and a mouse pancreatic endocrinogenesis dataset provided by scVelo [2]
(originally from Bastidas-Ponce et al. [16]). The complete code for data pre-processing and
reproducibility can be found via the GitHub link in the Data and Code Availability section.

4.6. Embedding Projection and Visualization

Once the high-dimensional velocities were estimated via our framework, down-
stream graph construction and embedding projections were performed utilizing the
scvelo package (v[0.3.3]) [2]. Specifically, a transition probability graph was constructed
by computing cosine similarities between cell-to-cell transitions and the inferred ve-
locity vectors using scvelo.tl.velocity_graph. The transition probability graph was
then projected onto low-dimensional embeddings (e.g., UMAP) as stream plots using
scvelo.pl.velocity_embedding_stream.

4.7. Benchmarking Metrics

To quantitatively assess the performance and reliability of PseudoVelo and other com-
parative methods, we designed and employed three evaluation metrics: Cross-Boundary
Direction Correctness (CBDC), Local Projection Consistency (LPC), and Initial/ Terminal
State Accuracy (ITSA). It is important to note that PseudoVelo outputs predicted pseudo-
velocities, whereas our primary comparative method, CellRank 2, directly outputs a cell-
to-cell transition probability matrix. Because standard downstream analyses of velocities
require their conversion into a cell-to-cell transition probability matrix, all our proposed
metrics are evaluated at the transition probability matrix level. Specifically, for PseudoVelo
and other velocity-based methods, we input the predicted (pseudo-)velocities into scVelo to
compute the cell-to-cell transition probability matrix T. For CellRank 2, we directly utilize
its output cell-to-cell transition probability matrix T.

Cross-Boundary Direction Correctness (CBDC):

The CBDC metric is designed to evaluate whether the inferred developmental flows
accurately capture the expected directionality between sequential cell clusters along a
known biological lineage. Given a predefined ground-truth lineage composed of or-
dered cell clusters (C; — C, — - -+ — Ci), we define correct (forward) transition edges as
Ecorrect = {(Ci, Ci41)} and incorrect (backward) transition edges as Eqrong = {(Ciy1,Ci) }-

Using the transition probability matrix T, the global weight of correct transitions
(Weorrect) and wrong transitions (Wyyong) are calculated by summing the transition proba-
bilities Ty, for all cell pairs (1, v) where cell u and cell v belong to the clusters associated
with Ecorrect and Ewrong, respectively. The CBDC score is then defined as

Wcorrect

CBDC =
Weorrect + erong

A higher CBDC score (approaching 1.0) indicates that the cell state transitions across
cluster boundaries are highly concordant with the true biological developmental direction.

Local Projection Consistency (LPC) and Cross-Temporal Projection Consistency:

To evaluate the smoothness and spatial coherence of the projected developmental
flows in a low-dimensional embedding (e.g., UMAP), we introduced the Local Projection
Consistency (LPC) metric. First, utilizing the transition probability matrix T, we calculate
the expected velocity vector v; for each cell i in the low-dimensional embedding space.
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Subsequently, relying on the structural k-nearest neighbor (k-NN) connectivity graph—
which is computed via Scanpy based on the transcriptomic similarities among cells—we
calculate the cosine similarity between the expected velocity of a reference cell and those of
its topological neighbors. For a given cell i with its neighborhood set N(i) defined by the
connectivity graph, its local consistency score is

LPC; = ——— cos(v;,v;
SN &, )

The global LPC score is obtained by calculating the median of LPC; across all valid
cells. A high LPC value suggests that neighboring cells share similar developmental vector
orientations, reflecting a robust and locally stable vector field projection without chaotic
vectors.

Building upon this framework, to align projected flows across different temporal
inputs, we introduced a variant metric: Cross-Temporal Projection Consistency. For a
given cell i, we compute its expected velocity vectors, v; ; and vy ;, utilizing the distinct
transition probability matrices from the two temporal inputs, respectively. The metric is
directly defined as the cosine similarity between these two condition-specific vectors:

Cross — Temporal Projection Consistency,; = cos(v1j,v2,)

A high value in this metric indicates that the inferred developmental trajectory for an
individual cell remains robust regardless of the varying temporal inputs.

Initial/Terminal State Accuracy (ITSA):

To assess the biological relevance of the inferred macroscopic trajectory, the ITSA
metric evaluates the capacity to correctly identify developmental roots (initial states) and
terminally differentiated populations (terminal states).

We feed the transition probability matrix T into CellRank to computationally infer the
macrostates (initial and terminal states). Using the biological ground truth as a reference,
the accuracy is calculated as the ratio of correctly identified state cells (the intersection
of predicted and true cells) to the size of the union of predicted and true state cell sets.
Mathematically, it operates similarly to a Jaccard Index:

‘Spred N Strue
ITSA= —————

‘ Spred U Strue

where Spred represents the subset of cells predicted as initial/terminal states and Sy,
represents the true biological initial /terminal subsets. This metric robustly penalizes both
false positives and false negatives, ensuring that the inferred macroscopic manifold starts
and ends at biologically correct cell subpopulations.

5. Conclusions

PseudoVelo provides a straightforward solution for inferring cellular dynamics, repre-
senting a novel computational tool for developmental biology research. By moving beyond
simplified splicing kinetics and graph manipulations, PseudoVelo equips researchers with
an effective framework to unravel the complex transcriptional dynamics underlying cellular
differentiation, embryogenesis, and broader developmental processes.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/ijms27146420/s1.
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