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mist: a hierarchical Bayesian framework for
detecting differential DNA methylation
dynamics in single-cell data

Daoyu Duan 1, Wenjing Ma2, Wen Tang3, Hao Wu4, Liangliang Zhang 1 &
Hao Feng 3

Recent advancements in single-cell DNA methylation (scDNAm) sequencing
technologies have enabled the profiling of epigenetic landscapes at unprece-
dented resolution, offering insights into cellular heterogeneity, differentiation
and evolution. Trajectory inference, which orders cells along pseudotime,
allows researchers to track genomics changes across continuous cell states
and identify key loci exhibiting differentialmethylation. However, nomethods
currently exist to model methylation changes along pseudotime in scDNAm
data. Here, we present a hierarchical Bayesian framework for scDNAm data
analysis. Our method, namedmist (methylation inference for single-cell along
trajectory), models stage-specific biological variations, identifies genomic
featureswith significantmethylation changes alongpseudotime, andperforms
Differential Methylation (DM) analysis across phenotypical groups. Simula-
tions demonstrate its superior accuracy in detecting DM genes along pseu-
dotime compared to existing methods. Applied to multi-omics datasets of
mouse embryonic development and developing human brain, mist identifies
key developmental regulators, whose methylation patterns align with lineage
transitions. mist is publicly available as an R/Bioconductor package.

DNA methylation (DNAm) is a key epigenetic modification resulting
from the addition of a methyl group to the fifth carbon position of
cytosine, typically occurring within CpG dinucleotides where a cyto-
sine is followed by a guanine on the same DNA strand. This modifica-
tion plays a critical role in various biological processes. Extensive
research has shown that DNAm regulates transcriptional activity1, is
stably inherited2, correlates with aging through epigenetic clocks3,4, is
linked to stress responses5, and acts as an important hallmark in cancer
development6–8. These findings were made possible through
advancements in methylation microarray and whole-genome bisulfite
sequencing (WGBS) technologies and their associated tools9–15.

Recent developments in single-cell DNA methylation (scDNAm)
technologies have enabled profiling of the DNA methylome at single-
cell resolution. Early studies used scDNAm to analyze embryonic stem

cells (ESCs)16, human embryos17, and cancer tissues18,19. Large-scale
scDNAm datasets are now being generated, providing unprecedented
opportunities to study cellular heterogeneity and development using
methylome data20–24. Concurrently, new computational methods have
been developed to address key challenges in the analysis of scDNAm
data, such as missing value imputation25–27, dimensionality
reduction28,29, clustering25,30, cell type annotation31–33, and differential
methylation calling34.

The dynamic and revisable nature of DNAmethylation during cell
differentiation and changes in cell state35–37, coupledwith its regulatory
effects on gene expression, make it highly valuable for capturing the
continuity of cellular evolution through scDNAm data. Therefore,
trajectory inference analysis, often referred to as cell ordering or
lineage reconstruction in scRNA-seq literature, is a natural fit for
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scDNAm analysis. Trajectory inference enables unbiased, epigenome-
wide insight into the dynamic processes underlying cellular differ-
entiation. By ordering cells along a “pseudotime”, a temporal variable
inferred from data, researchers can track changes in DNAmethylation
across continuous cell states, identifying key loci or regions that
exhibit differential methylation over time. Despite the potential, no
methods currently exist to model methylation changes along pseu-
dotime, nor perform differential methylation (DM) analysis on pseu-
dotime in scDNAm data.

Here, we presentmist (methylation inference for single-cell along
trajectory), a hierarchical Bayesian framework designed tomodel DNA
methylation trajectories and conductDManalysis along pseudotime in
scDNAm data. The functionality of mist is three-fold: (1) it models
methylation changes along pseudotime and estimates the
developmental-stage-specific biological variations; (2) it performs DM
analysis to identify genomic features showing drastic changes along
pseudotime; (3) when there is more than one phenotypical group, it
performs DM analysis across the groups to identify features that
exhibit differentmethylation temporal patterns.mist employs a robust
Bayesian approach, utilizing Gibbs sampling to estimate model para-
meters for both temporal changes and developmental-stage-specific
methylation variations.mist is available as an R/Bioconductor package
(https://bioconductor.org/packages/mist/), making it the first tool of
its kind for scDNAm data analysis.

Results
Overview of mist
mist adopts a hierarchical Bayesian modeling framework and requires
the known inputs of scDNAm data along with its estimated pseudo-
time (Fig. 1).

We first aggregated CpGs by genes, or other region-level features
such as promoters. Within each gene, the integer number of sequen-
cing reads and methylated reads are obtained, respectively. The ratio
of the methylated read count over the total read count reflects the
methylation level for each gene, and such data handling is a common
practice in methylation sequencing data analysis14,38,39. Such region-

level-feature based methylation matrix serves as the foundation input
for our modeling. For pseudotime estimation, it is required as known
input to mist, and can be easily obtained using an existing method of
choice such as Monocle340, Slingshot41, and STREAM42, by feeding the
algorithm with gene-by-cell methylation level matrix or other mod-
alities such as gene expression. The estimated pseudotime values are
normalized to [0, 1]. This ensures a unified pseudotime handling and
interpretation regardless of pseudotime estimationmethods adopted.

For each gene, mist fits a logit-normal model where the mean on
the logit scale is parameterized as a fourth-degree polynomial in
pseudotime, and the variance is allowed to vary across predefined
developmental stages to capture stage-specificbiological dispersion. A
horseshoe prior is placed on the polynomial coefficients to adaptively
shrink irrelevant terms, which is particularly useful given the sparsity
of scDNAm data. Parameters are then estimated via Gibbs sampling.
For differential methylation calling,mist computes theminimized area
between fitted methylation trajectories, either between two groups or
relative to a flat baseline in the one-group case. Genes are then ranked
by this measure to identify those exhibiting the most pronounced
methylation changes along pseudotime.

To assess howwell our proposedBayesian hierarchicalmodelmist
performs, we compared it with GAM and polynomial regression in
identifying DM genes. For GAM, we used cubic regression splines with
knots placed at pseudotime 0.25, 0.5, and 0.75. For the polynomial
approach, we adopted a fourth-degree polynomial regression.

mist in parameter estimation
Figure 2 presents the overall assessment of parameter estimation
accuracy formethylation dynamics using differentmethods. Figure 2A
is an illustrative selection showcasing methylation levels along pseu-
dotime for one selected gene, with each dot representing a cell. The x-
axis indicates normalized pseudotime (0–1), and the y-axis represents
methylation levels (0–1). The green curve, fitted using mist, captures
the estimated methylation trajectory. The σ2 values below the panel
indicate the variability at each of the four stages. As a unique feature,
mist not only fits the methylation data, but also estimates biological

Fig. 1 | Schematic overview ofmist. mist performs differential analysis for single-
cell DNA methylation studies. It takes a scDNAm data matrix and a pseudotime
vector as inputs, and employs a hierarchical Bayesian framework to estimate a
fittedmethylation trajectory. This trajectory forms thebasis for differential analysis

to identify genomic features exhibiting temporal methylation changes or differ-
ences between groups. Created in BioRender. Duan, D. (2026) https://BioRender.
com/o33c513.
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variability at each stage along pseudotime. It achieves this by recog-
nizing a stage-specific dispersion parameter in the Bayesian model.
Figure 2B shows the bias for parameter estimates. After removing
extreme outliers (≥ ± 50%), the biases for β parameters show a certain
level of variability, but remain within a reasonable range. The bias for
the dispersion parameter σ2 is mostly within ± 10%, indicating highly
accurate variance estimation.

We then compare parameter estimation performance by
inspecting the squared errors of variance terms (σ2

1 , σ
2
2, σ

2
3,σ

2
4) and

coefficient (β0,β1,β2,β3,β4) parameters among threemethods (Fig. 2C,
D). The mist model consistently showed lower squared errors. In
contrast, the GAM struggles in estimating variance parameters
(Fig. 2C), because the constant variance assumption inherent to the
Gaussian family is not well suited to capturing complex changes in
variability along pseudotime. The polynomial model also showed
higher errors, which suggests that the fixed polynomial form, lacking
stage-specific dispersion, is less precise at capturing the true patterns
compared to approaches that incorporate stage-specific biological
dispersion. For the coefficient parameters (Fig. 2D), the Bayesian
model again outperformed the polynomial approach, which had dif-
ficulty accurately estimating coefficients due to the model’s limited
flexibility. Overall, mist captures methylation trajectories more sui-
tably thanGAMorpolynomialmodels. Its shrinkage effect, hierarchical
structure, and flexible representation of stage-specific variabilitymake
it an improved alternative for modeling varying methylation patterns
over pseudotime.

mist in DM gene detection
We assessed the mist’s performance in identifying DM genes in both
1-group and 2-group scenarios. Its results were benchmarked with
those of GAM and polynomial regression. In the 1-group simulation
(Fig. 3A–D), the Receiver Operating Characteristic (ROC) curves
(Fig. 3A) illustrate that mist outperforms GAM and polynomial
regression by a margin, particularly at lower false-positive thresholds
(1 − specificity < 0.2). The precision-recall curves in Fig. 3B further
support this, showing that mist maintains higher precision and recall
values compared to the alternatives.

The True Discovery Rate (TDR) plot (Fig. 3C), defined as the
proportion of true DM genes among the top-ranked genes, provides a
practical measure of a method’s accuracy among its top-ranking bio-
markers. In clinical applications, researchers prioritize the top-ranking
biomarkers for further validation, so a high TDR reflects the method’s
effectiveness in providing reliable biomarkers for downstream studies.
Here, genes are ranked by the minimized area differences defined in
Equations (3) and (5) as estimated by mist. For the GAM and linear
models, genes are ranked by the adjusted p values obtained from the
likelihood ratio test and ANOVA, respectively. The plot shows thatmist
consistently outperforms existing methods, achieving TDR values
above 0.75 at various cutoffs, whereas GAMand polynomial regression
struggle to exceed0.5. The heatmap in Fig. 3D shows the robustness of
mist across varying numbers of total cells and top-ranking genes in
simulation. Notably, mist’s TDR increases with larger cell counts, a
trend that is less evident forGAMandpolynomial regression. Similarly,

Fig. 2 | Methylation trajectory modeling for parameter estimation.
AMethylation levels are shown along pseudotime for one selected gene, with each
point colored by its methylation value. A curve fitted by the proposed Bayesian
method captures the underlying methylation pattern over pseudotime. The
developmental trajectory is partitioned into four intervals
[0, 0.25), [0.25, 0.5), [0.5, 0.75), [0.75, 1], and the area of the circles below the plot
reflects the estimated variance σ2 at each stage. B Distributions of relative bias (%)
for parameter estimates using the Bayesianmethod, truncated at − 50% and 50% to

exclude extreme outliers. C, D Boxplots illustrating the squared error for the esti-
mated variance bσ2

1 to bσ2
4 and coefficients bβ0 to bβ4, respectively, under three mod-

eling approaches. A total of N = 10, 000 genes and N = 4, 000 cells were simulated.
Values beyond 2 for bσ2 and 30 for bβ are truncated to avoid distortion by outliers. As
GAM does not produce parameter estimates comparable to bβ0 to bβ4, it is not
included in the β parameter comparison. The boxes represent the interquartile
ranges, with the median at the center, and the whiskers extend to the limits of the
distribution (excluding outliers). Source data are provided as a Source Data file.
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in the 2-group simulations, mist maintains superior performance
(Fig. 3E–H). mist shows consistently higher sensitivity, higher preci-
sion, and higher TDR values across all top-ranked genes. Although
GAM and polynomial regression show slight improvements compared
to the 1-group scenario, their TDR values remain significantly lower,
highlighting the improvement of the Bayesian approach in DM calling
at two-group comparison scenarios. Additional results under other
scenarios are included in Supplementary Figs. S1–S23.

We additionally compared mist with scMET34, a method that
models cell-to-cell heterogeneity in single-cell DNA methylation but
does not incorporate pseudotime. In simulations with 10,000 genes
and 4,000 cells per group, scMET’s differential variability (DV) analysis
showed limited ability todetectdifferential trajectories comparedwith
mist (Supplementary Fig. S26). This is expected, as scMET focuses on
cell-to-cell variability while ignoring cell ordering along pseudotime,
making it less effective for identifying dynamic methylation changes.

Real data analysis
To evaluate the performance of the proposed mist model in practical
scenarios, we conducted real data analyses for both 1-group and
2-group designs. We utilized the dataset GSE12170829, which provides
multi-omics single-cell profiling of mouse embryos at embryonic days
4.5 to 7.5. The profiled omics modalities include RNA, DNA methyla-
tion, and chromatin accessibility, covering critical stages of embryonic
early development and cell lineages.

Figure 4 summarizes the findings of the methylation trajectory
analysis on the real dataset under a 1-group design. Figure 4A presents
a pie chart summarizing the distribution of cells across major anno-
tated embryonic lineages. Each segment represents a distinct lineage
(e.g., ectoderm, endoderm, epiblast),with overlaid numbers indicating
the count of cells in each category. Next, pseudotime inference was
conducted using Monocle3 with the DNA methylation data, and the
resulting UMAP under its default settings is shown in Fig. 4B. In the
UMAP, each point represents an individual cell and is color-coded
according to its inferred pseudotime value. The branching patterns,
along with gradual shifts in color from one region to another, reflect a
continuous developmental trajectory. Figure 4C validates the mist
model’s assumption of stage-specific variability by showing the

distributions of dispersions (σ2) for four developmental stages. We
observe higher variability in early stages and lower variability in later
stages. This pattern aligns with biological expectations, as early stages
exhibit more variable methylation patterns that support diverse
developmental pathways, while later stages show relatively stabilized
patterns associated with cell fate commitment. Figure 4D is a Venn
diagram showing the overlap among DM genes identified by mist,
GAM, and polynomial regression. While there is a substantial amount
of overlapping genes identified by all three methods, mist uniquely
identified 3,927 DM genes. Among the top-ranked genes were several
well-characterized developmental regulators whose methylation pat-
terns aligned with known lineage transitions. For example, Fig. 4E
shows that Apela (also known as Elabela), a factor essential for proper
heart development and embryonic signaling43–45, and L1td1, associated
with the maintenance of pluripotency in embryonic stem cells46, both
exhibited methylation changes mirroring the loss of pluripotency.
Additionally,Cd3g, a gene critical for T-cell receptor signaling andearly
hematopoietic development47,48, exhibited methylation changes par-
alleling early lineage transitions during mouse embryogenesis. These
findings demonstrate the ability of the mist model to uncover biolo-
gically relevant signals reflective of developmental and lineage
transitions.

Building on our evaluation of the mist model under the 1-group
design, we next applied it to a multi-group dataset, GSE21395049,
which contains single-nucleus joint profiling of chromatin conforma-
tion andDNAmethylation (snm3C-seq) fromhuman frontal cortex and
hippocampus samples. This dataset spans critical developmental
stages,mid-gestational, late-gestational, infant, and adult, and includes
over 53,000 single-nucleus profiles.

Figure 5 demonstrates our methylation trajectory analysis across
the frontal cortex and hippocampus. In Fig. 5A, a pie chart details the
cellular composition among key neuronal subtypes (e.g., Exc-CA, Inh-
MGE), with each segment displaying the corresponding cell count.
Figure 5B presents the cell numbers in the two brain regions across
four age groups (2T, 3T, infant, and adult), revealing a similar dis-
tribution that enables a direct and balanced comparison. Again,
pseudotime inference is conducted using Monocle3 with the DNA
methylation data. Figure 5C shows the resulting UMAP, where

Fig. 3 | Comparison of DM detection accuracy among mist, GAM, and poly-
nomial methods in detecting differentiallymethylated (DM) genes under both
one-groupand two-groups scenarios. A,B, E, FReceiverOperating Characteristic
(ROC) curves and Precision-Recall curves of DM detection methods. C, G True
Discovery Rate (TDR) along top-ranked genes identified by each method, where
TDR is defined as the proportion of true DM genes among the top-ranked genes.

D,HHeatmaps showing TDR across different cell counts and top-gene cutoffs (e.g.,
TDRsof TopGene = 400wouldmean the TrueDiscovery Rate among genes that are
ranked to top400by theirmetrics.). A total ofN = 10,000 genes andN = 4,000 cells
were simulated under a 10% DM gene scenario. Source data are provided as a
Source Data file.
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individual cells are plotted as points colored by their inferred pseu-
dotime,mirroring their developmental trajectories. Finally, we applied
the mist model to identify top DM genes between the frontal cortex
and hippocampus, and generated a heatmap of methylation levels for
the top 50 genes in both brain regions, thereby uncovering unique,
brain region-specific epigenetic landscapes (Fig. 5D).

Our DM analysis between the two brain regions also reveals genes
that exhibit distinct, brain region-dependent methylation trajectories.
For instance, CAMK2A, a critical mediator of synaptic plasticity and
memory consolidation50,51, displays a reduction in methylation in the
hippocampus asdevelopment progresses (Fig. 5E). This demethylation
likely corresponds to increased gene expression, aligning with its
established role in memory encoding and consolidation52. Addition-
ally, FGFR3, which is integral to neurogenesis and cortical
maturation53,54, exhibits a gradual increase inmethylation in the frontal
cortex (Fig. 5F). Such hypermethylation likely corresponds with tran-
scriptional downregulation, reflecting the transition from an early
proliferative state to a more stable, long-term functional and differ-
entiated cortical network54. Collectively, these findings highlight the
capacity of the mist model to capture regulatory events that distin-
guish brain region-specific developmental trajectories.

Discussion
In this study, we introducedmist, a statistical framework for modeling
DNA methylation dynamics along pseudotime in single-cell data and
detecting differentially methylated (DM) features. By leveraging a
Bayesian hierarchical structure and stage-specific modeling, mist
effectively captures both non-linear methylation trajectories and
stage-specific biological variation. Our results demonstrate that mist
provides more accurate parameter estimation, and higher accuracy in
identifying DM features compared to existing methods such as GAM
and polynomial regression. Overall, mist addresses key challenges in
scDNAm analysis along pseudotime.

While several pseudotime-based tools such as tradeSeq and
PseudotimeDE55,56 have been developed for scRNA-seq data, they are

optimized for dense count data modeled by distributions such as the
negative binomial. In contrast, single-cell DNA methylation data are
highly sparse and represented as proportions. mist addresses these
challenges by modeling logit-transformed methylation levels within a
hierarchical Bayesian framework, explicitly accounting for stage-
specific variability and data sparsity. In addition, mist performs
trajectory-based differential methylation (DM) testing, enabling
detection of genes whose methylation changes differ between condi-
tions along pseudotime. This distinction underscores why RNA-
focused tools are not directly transferable to methylation data and
highlightsmist’s unique contribution to single-cell epigenome analysis.

A major advantage of mist is its leveraging of a Bayesian frame-
work, which inherently addresses data sparsity by incorporating prior
information to stabilize parameter estimates. In this context, the
horseshoe prior plays a critical role, where its global-local shrinkage
properties efficiently suppress noise while allowing true biological
signals to emerge, thereby enhancing the detection of subtle methy-
lation changes. Additionally, it models developmental-stage-specific
variability in DNAmethylation, which allows for varying heterogeneity
patterns across different biological phases. This improves the model’s
ability to detect functionally vital changes in biological dispersion.
Furthermore, mist employs a differential testing strategy that mini-
mizes the area between fitted methylation trajectories, enabling a
direct detection of dynamic changes over pseudotime without being
confounded by absolute methylation differences. This feature is par-
ticularly useful in removing regulatory elements that exhibit tempo-
rally correlated methylation changes during cell differentiation.

Our benchmarking experiments confirm that mist consistently
outperforms GAM and polynomial regression in DM gene detection.
Across both single-group and two-group simulations across multiple
simulation scenarios, mist achieves higher TDR and precision-recall
scores, demonstrating its robustness. This is particularly relevant given
the sparsity of scDNAm data, where missing values and low CpG cov-
erage often hinder statistical power. Furthermore, applying mist to a
multi-omics dataset of mouse embryonic development identified key

Fig. 4 | One-group differential methylation analysis on mouse embryos data
using mist. A Pie chart illustrating the distribution of embryonic lineages in this
dataset by corresponding number of cells. B UMAP projection of single cells,
produced byMonocle3, and colored by normalized pseudotime.CDistributions of
estimated dispersion at each stage across pseudotime. Here, the dispersion esti-
mates refer to the σ2 in the logit-normal distribution logitnormðμt0 , σ

2Þ assumedon

methylation levels. D Venn diagram showing the overlap among the top 10,000
genes identified bymist, GAM, and polynomial regression. E Methylation trajec-
tories along pseudotime of three genes (Apela, L1td1, Cd3g), with dashed lines
segmenting the 4 assumed developmental stages. Source data are provided as a
Source Data file.
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regulators such as Apela and L1td1, whose methylation patterns align
with lineage transitions. These results highlight mist’s potential in
uncovering epigenetic mechanisms underlying cellular differentiation
and development. By mapping these regulators onto a continuous
pseudotime trajectory, mist not only confirms their established roles
but also reveals how their epigenetic regulation evolves across devel-
opmental stages. This perspective complements existing tran-
scriptomic andgenetic studies, offering amore comprehensive viewof
how coordinated methylation dynamics contribute to lineage specifi-
cation and tissue maturation.

Despite its advantages, mist has limitations. This framework
requires predefined developmental stages, and the default use of four
stagesmay not accurately capture the complexity of all developmental
trajectories or biological contexts. Because mist models DNA methy-
lation as a function of user-provided pseudotime, inaccuracies in tra-
jectory inference can affect its results. Most pseudotime tools were
developed for transcriptomic data, sowe recommend applyingmist to
multi-modal datasets where pseudotime can be inferred from gene
expression or chromatin accessibility. Leveraging thesemodalities can
improve cell ordering, and users should bemindful of parameters such
as the choice of root cell, which may strongly influence results.
Importantly, using a separate modality for pseudotime estimation can
also help avoid the issue of double-dipping57, where the same data are
used for both trajectory inference and differential testing. We

reanalyzed the data using STREAM-inferred pseudotime from tran-
scriptomic data and found greater overlap amongmethods, whilemist
continued to emphasize stronger DM signals (Supplementary
Figs. S29, S30). Whilemist delivers improved accuracy, its reliance on
Gibbs sampling increases computational cost primarily with the
number of features. For genome-wide studies using gene-level fea-
tures, the cost remains manageable (Supplementary Fig. S24). How-
ever, if the basic unit is shifted to smaller genomic regions, the
computational burden could become significantly higher. This issue
can be partly mitigated through the adoption of parallel computing in
the mist software package implementation. Moreover, mist currently
models methylation at the gene or region level rather than individual
CpG sites. Extending the framework to capture CpG site-specific
dynamics or integrating additional multi-omics layers, such as chro-
matin accessibility and transcriptional activity, could provide a more
comprehensive understanding of epigenetic regulation. Finally, mist
relies on sufficient sequencing coverage to achieve robust inference.
Our simulations indicate that performance is sensitive to very low
coverage (10–20 reads), where technical noise dominates and power is
reduced. Stable estimation is generally achieved at 50 reads or higher
(Supplementary S25), which may limit applicability in ultra-sparse
single-cell datasets.

More broadly, mist also shares limitations common to
pseudotime-based analyses. Pseudotime represents cellular

Fig. 5 | Two-group differentialmethylation analysis on humanbrain data using
mist. A Pie chart showing the distribution of neuronal subtypes in this dataset.
B Bar chart illustrating the number of cells sampled from the frontal cortex and
hippocampus at different age groups. CUMAP projection, produced byMonocle3,
and colored by pseudotime.DHeatmap of DNAmethylation profiles for the top 50
DMgenes detectedbymist from the frontal cortex andhippocampus,with columns

representing individual cells and rows corresponding to genes, and labels indi-
cating neuronal subtypes and age groups. E Methylation trajectories along pseu-
dotime of CAMK2A in the frontal cortex and hippocampus. F Methylation
trajectories along pseudotime of FGFR3 in the frontal cortex and hippocampus.
Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-026-70523-y

Nature Communications |         (2026) 17:3835 6

www.nature.com/naturecommunications


progression using a single scalar ordering, which can oversimplify
complex biological processes involving branching, multi-lineage dif-
ferentiation, or concurrent changes acrossmultiple cellular states. As a
result, pseudotime often captures a dominant gradient in the data
rather than progression along a single biological process. Recent
advances such as graph-based trajectory inference, RNA velocity, and
optimal-transport or probabilistic transition models aim to capture
richer cellular dynamics by modeling branching structures, direc-
tionality, or cell-state transition probabilities41,58–64. Integrating these
complementary frameworks with mist will be an important direction
for improving the biological fidelity and interpretability of inferred
trajectories in future work.

Methods
Hierarchical Bayesian model
Here we illustrate the model on one gene (or one genomic region),
thus gene index is dropped. For one gene, the estimated pseudotime
for each cell ranges from 0 to 1, which we divide into S discrete stages,
representing distinct biological phases or developmental stages. For
example, the pseudotime is segmented into four stages: stage 1 spans
the interval [0, 0.25), stage 2 covers [0.25, 0.5), stage 3 covers
[0.5, 0.75), and stage 4 spans [0.75, 1]. Segmenting pseudotime into
discrete stages is essential because it captures the unique patterns of
biological variability that characterize distinct phases of cellular
development. By defining these stages, we canmore accurately model
how DNA methylation dynamics evolve over time, thereby revealing
stage-specific regulatory mechanisms and key transitions in cell
differentiation.

Within each stage s, we further cut it into T timepoints, repre-
senting the moment in pseudotime that marks the progression within
a given stage. At each stage s, s = 1, 2, 3, …, S and tth timepoint,
t = 1, 2, 3, …, T, there are nst cells indexed by j. The methylated count
and total sequencing coverage for each cell j, j = 1, 2, 3, …, nst, are
denoted as Xstj and Nstj, respectively, with the methylation level
represented as ystj = Xstj/Nstj.

We assume the methylation levels follow a logit-normal distribu-
tion:

ystj � logitnormðμt0 , σ
2
s Þ, ð1Þ

where μt0 =β0 +Z t0β, with Z t0 representing the polynomial basis terms
of t0 up to degree 4, chosen for its balance between flexibility and
avoiding overfitting, and β being the coefficients. The variance para-
meter σ2

s is stage-specific, allowing biological dispersion estimations
for each stage. We refer to this as stage-specific dispersion/variance
throughout this work. This modeling approach captures both the non-
linear trends in methylation dynamics across pseudotime and the
variability specific to different biological stages, leading to a more
realistic representation of the biological processes underlying methy-
lation changes.

To enable full Bayesian inference at a later stage, we first assign a
horseshoe prior65 for the coefficients β:

βk � Nð0, λ2kτ2Þ, λk � C + ð0, 1Þ, τ � C + ð0, 1Þ: ð2Þ

Here, C+(0, 1) represents a half-Cauchy distribution with a scale
parameter of 1, and λk and τ are local and global shrinkage parameters,
respectively. The horseshoe prior is used for β to provide shrinkage,
allowing important coefficients to remain large while shrinking others
close to zeros. Unlike traditional priors such as normal or Laplace, it is
well suited for sparse signals because it adaptively suppresses irrele-
vant coefficients while preserving significant ones, making it appro-
priate when not all predictors are expected to be influential. In
addition, we assign a normal prior centered at zero for β0
(β0 ~ N(0, 32)), a non-informative prior for σ2

s (pðσ2
s Þ / 1=ðσ2

s Þ).

The parameters of interest include the intercept term β0, the
coefficient vector β, and the stage-specific variance σ2

s . These reflect
themethylation level at pseudotime 0, the dynamics over pseudotime,
and the biological dispersion within each stage, respectively.

Parameters estimation
Following the derivation of the conditional distributions for each
parameter (Supplementary S1), we implement Gibbs sampling to
iteratively update each parameter by sampling from its conditional
distribution based on the current values of the other parameters. In
addition, to sample the hyperparameters λ2k and τ2 associated with the
horseshoe prior, we employ a slice sampling method66 that introduces
latent variables to enable their sampling (Supplementary S1.1). This
procedure provides the posterior distributions of the parameters of
interest β0, β, and σ2

s , which are used in the subsequent differential
analysis or can be interpreted directly.

Differential methylation analysis
For each gene, we assess differential methylation between two groups
by comparing their fitted methylation trajectories over pseudotime.
Specifically, we calculate the minimized area between the two curves
(Fig. 1). This approach captures the true difference in howmethylation
changes over time while adjusting for differences in absolute methy-
lation levels. By finding the vertical shift C that minimizes the area, we
effectively control for baseline differences and isolate the dynamics of
the methylation changes:

A= min
C

Z 1

0
byAðxÞ � ðbyBðxÞ+CÞ� �2dx, ð3Þ

where C is chosen to minimize the area difference. The optimal C
value, C*, which shifts the curves as closely as possible without altering
their shape, is given by

C* =
Z 1

0
byAðxÞ � byBðxÞ� �

dx: ð4Þ

Here byAðxÞ and byBðxÞ represent the estimated methylation curves for
each group. By focusing on the minimized area rather than the abso-
lute difference, we capture the change in methylation dynamics over
pseudotime, providing a more meaningful measure of differential
methylation (DM).

For the one-group scenario, we simply calculate the area between
the fitted curve and a constant C:

A= min
C

Z 1

0
byðxÞ � C
� �2dx, ð5Þ

where the optimal C, C*, is given by

C* =
Z 1

0
byðxÞdx: ð6Þ

Finally, we rank these minimized area differences across all genes to
identify those with the largest deviations in methylation dynamics,
either between two groups or relative to a constant line within a
single group.

Our hierarchical Bayesian model provides a framework for ana-
lyzing single-cell DNA methylation data, capturing both the trajectory
along pseudotime and the variability across stages. This differential
testing approach detects both large methylation changes within a
single group and differences between groups, offering insight into
epigenetic alterations along pseudotime.
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Simulation settings
We conducted simulations to benchmark the accuracy of DM gene
detection using our proposed method in comparison with two alter-
native approaches, the linear model and Generalized Additive Model
(GAM). For the linear model, we considered a degree-4 additive model
(i.e., β0 +β1t

0 + β2t
02 +β3t

03 +β4t
04) to capture high-order trends in

methylationdynamics, providingflexibility inmodelingwhile retaining
some interpretability. Alternatively, GAMs are widely used in scRNA-
seq analyses, particularly for trajectory inference, where they model
gene expression as a non-linear function of pseudotime to effectively
capture complex trends55,56. This flexibility has made GAMs a key
component of tools like pseudotimeDE and tradeSeq55,56 for detecting
differential expression along trajectories. Both methods were eval-
uated in one-group and two-group scenarios to assess their accuracy in
detecting differential methylation dynamics. The one-group scenario
has only a single phenotypic group, where the objective is to identify
genes exhibiting the most significant methylation changes over time.
Such analysis provides insights into dynamic regulatory processes
along pseudotime within one group of cells. The two-group scenario
examines distinct phenotypical groups, such as different cell types,
health statuses, or experimental conditions. Here, the goal is to iden-
tify biomarkers with the most pronounced differential methylation
changes between the two groups.

We conducted simulations with DM genes at 5%, 10%, and 15%
among a total of 10,000 genes. A total of 20 simulation iterations were
conducted. To closely mimic real biological data, we first applied our
Bayesian framework to estimate distributions of regression coeffi-
cients for each gene from a real single-cell DNA methylation dataset29.
Genes were ranked using the previously describedmetric of minimum
area difference. For one-group simulations, true DM genes parameters
were sampled from the top 1000 to 3000 ranked genes, while para-
meters for non-DM genes were drawn from the subsequent 3000
genes. In the two-group scenario, genes were randomly sampled to
generate 10,000 gene pairs. Then a similar approach was adopted to
simulate DM and non-DM genes. Using these parameters in logit-
normal distribution simulations (Equation (1)), we generated single-
cell methylation data and pseudotime in both one-group and two-
group settings. Detailed simulation procedure is included in
Supplementary S2.

Statistics and reproducibility
No statistical method was used to predetermine sample size. The
sample sizes used were consistent with those in similar single-cell DNA
methylation studies and were sufficient to detect differential methy-
lation signals. For simulations,we conducted 20 iterationswith 10,000
genes and varying cell counts (including 4000 cells per group in two-
group scenarios) to assess method performance across multiple sce-
narios. No data were excluded from the analyses. Statistical analyses
were performed in R (v4.3.1 or later) unless otherwise specified. For
benchmark comparisons, Generalized Additive Models (GAM) used
likelihood ratio tests and polynomial regression employed ANOVA
with adjusted p values for differential calling. Pseudotime inference
was performed using Monocle3 v1.3.7. All computational analyses are
fully reproducible using the code archived at https://doi.org/10.5281/
zenodo.1845194067, withdetailedparameters andworkflowsdescribed
in the Methods section and package vignettes.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data for simulations and real-data analyses are available at https://
doi.org/10.5281/zenodo.1845194067. The mouse embryos data is avail-
able under accession codes GSE121708 https://www.ncbi.nlm.nih.gov/

geo/query/acc.cgi?acc=GSE12170829. The human brain data is available
through https://cells.ucsc.edu/?ds=brain-epigenome49. Source data are
provided with this paper.

Code availability
mist is publicly available as a R/Bioconductor package at: https://
bioconductor.org/packages/mist/. The package includes detailed
vignettes and example datasets to guide users through typical work-
flows. Source code is hosted at https://github.com/dxd429/mistand is
released under the MIT License. The specific version of the code
associated with this publication is archived in https://doi.org/10.5281/
zenodo.1845194067.
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