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Motivation
• Bulk BS-seq technology ignores epigenetic het-

erogeneity among individual cells.

• Single cell BS-seq1 measures methylation at
single-cell level (binary states).

• Only 20% to 40% CpG coverage: limits sta-
tistical analysis to a semi-quantitative level.

• Bayesian hierarchical model: jointly learn
methylation profiles (i.e. predict uncovered
methylation states) and cluster cells based on
genome-wide methylation patterns.

scBPR model
Bayesian generalised linear model (GLM) of ba-
sis function regression coupled with a Bernoulli
observation model2, where yi is the methylation
state, hi the genomic location and w the model
parameters.

yi =

{
1 if zi > 0

0 otherwise

zi ∼ N (hiw, 1)

w = p(w)
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Figure 1: Process of learning methylation profiles us-
ing the single-cell Bernoulli Probit Regression (scBPR)
model for a specific genomic region using 4 Radial Basis
Functions (RBFs).
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scBPR Finite Dirichlet Mixture Model
Joint posterior distribution
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Algorithm 1 Gibbs sampling for scBPR FDMM model

1: initialize Set t← 1; set clusters K; set parameters π(0),W(0)

2: while t ≤ T do
3: Compute γ(cik), probability that cell i belongs to cluster k

4: Generate c
(t)
i ∼ Discrete

(
γ(ci·)

)
5: Generate π(t) ∼ Dir

({
αk +

∑
i 1(c

(t)
i = k)

}K
k=1

)
6: Generate z

(t)
in ∼

{
T N (hinlw

(t−1)
nk , 1, 0,∞) if yinl = 1

T N (hinlw
(t−1)
nk , 1,−∞, 0) if yinl = 0

7: Generate w
(t)
nk ∼ N

(
µ(t),Σ(t)

)
8: end while

Identifying cell sub-populations
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Figure 2: Clustering cells based on promoter methylation profiles on a real dataset3. (a) Methylation profiles for
each sub-population of cells for gene Fermt1. (b) PCA of cells based on mean genome-wide methylation patterns;
blue coloured cells are 2i cells which distinguish well from serum-cultured cells even based on mean methylation.

Imputing methylation states
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Figure 3: Imputation performance on real data3. (a) ROC curves for 10kb promoter windows and K = 3 clusters.
(b) AUC while increasing the clusters for 10kb window. (c) Boxplot of AUCs for varying promoter windows, each
dot represents a different experiment. (d) Mean methylation variability across cells on different promoter windows.


