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Cellular heterogeneity

[1]

Cellular heterogeneity in bulk:

→ refers to the variety of cell
types within the bulk,

→ reflects progression of
disease state,

→ is a complex mixture
signal,

→ is difficult to assess from
bulk molecular profiles.

50+ algorithms exist and many benchmarks to compare them [2], [3], [4]
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Supervised cell deconvolution

Cellular deconvolution assumes
that bulk omic profiles result from
weighted sums of so-called signa-
ture cell-specific omic profiles.

Y matrix X matrix 𝛽 matrix
M × N M × K K × N

∼ ×

Most of supervised methods results from Ordinary Least Squares (OLS) optimization.{
∀i ∈ ⟦1;N⟧ Yi = X 𝛽i + 𝜀i ,

L(𝜀i ) = N(0, 𝜎2IM ).
under constraints for each 𝛽i

{∑K
k=1 𝛽ik = 1,

0 ≤ 𝛽ik ≤ 1.
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Two particular omics

Cell deconvolution framework based on extensions of OLS are not designed for a
specific omic data or for estimating a vector lying whithin the K−simplex.

Cell deconvolution is frequently used on two omic data types :

• RNA-seq gene expression read
counts.

• DNA methylation rates (beta
values).
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Benchmark data

Data generated in vitro, using cell
types commonly found in pancreatic
ductal adenocarcinoma (PDAC), from
TIMC MAGe team.

⇒

• 21104 gene expressions

• 800000 CpG sites

• N = 30 independent bulks

• K = 9 cell types

For a bulk example, same global
accuracy but two different insights.
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How can we do multi-omic cell deconvolution

[5] M. Picard, MP. Scott-Boyer, A. Bodein, O. Périn, A. Droit.
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Common representation

→ Methylation rates are aggregated into gene-level measurements by averaging
over all values at CpG sites in the promoter region of each gene.

[6]
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A negative binomial framework for cell deconvolution on expression

For 1 ≤ i ≤ N and 1 ≤ j ≤ M, let yij denote the expression level of gene j for bulk i and xj the vector
of expression level of all K cell types.

→ A negative binomial regression model is assumed for overdispersed gene expression counts.

P(Yij = yij | xj ) =
Γ(yij + 1

𝛼i
)

Γ(yij + 1)Γ( 1
𝛼i
)

( 1

1 + 𝛼i 𝜇i (xj )

) 1
𝛼i
( 𝛼i 𝜇i (xj )
1 + 𝛼i 𝜇i (xj )

)yij
,

• 𝛼i > 0 is a scale parameter: Var(Yij | xj ) = 𝜇i (xj ) (1 + 𝛼i 𝜇i (xj )),
• 𝜇i (xj ) = E(Yij | xj ) = 𝛽0i + 𝛽1ixj1 + . . . + 𝛽KixjK > 0,

• 𝛽i = (𝛽1i , . . . , 𝛽Ki )′ is the vector of proportions of each cell type, constrained to lie within the
K−simplex.

The maximisation of the weighted log-likelihood L(𝛼, 𝛽0, 𝛽; y , x , 𝜔y ) is the objective function.
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A beta framework for cell deconvolution on methylation

For 1 ≤ i ≤ N and 1 ≤ j ≤ M, let zij denote the methylation rates of aggregated cites j for bulk i and
x̃j the vector of methylation rates of all K cell types.

→ A Beta regression model is assumed for DNA methylation rates.

𝜑(zij | x̃j ) =
Γ(𝜙i )

Γ(𝜇i (x̃j )𝜙i )Γ((1 − 𝜇i (x̃j ))𝜙i )
z 𝜇i (x̃j )𝜙i−1(1 − z) (1−𝜇i (x̃j ) )𝜙i−1,

• 𝜙i > 0 is a precision parameter: Var(Zij | xj ) =
𝜇i (xj ) (1−𝜇i (xj ) )

1+𝜙i
,

• 𝜇i (x̃j ) = E(Zij | x̃j ) = 𝛽0i + 𝛽1i x̃j1 + . . . + 𝛽Ki x̃jK > 0,

• 𝛽i = (𝛽i1, . . . , 𝛽iK )′ is the vector of proportions of each cell type, constrained to lie within the
K−simplex.

The maximisation of the weighted log-likelihood L(𝜙, 𝛽0, 𝛽; z , x̃ , 𝜔z ) is the objective function.
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A different weighting strategy

• PCA on the reference matrix of methylation data and first,

• Evaluate the log likelihood and the precision of estimation

on subset of aggregated methylation data.
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Intermediate multi-omic framework

Cyclic Coordinate Descent (CCD) to maximise(
L(𝛼, 𝛽0, 𝛽; y , x , 𝜔y ) + L(𝜙, 𝛽0, 𝛽; z , x̃ , 𝜔z )

)
.

Multi-omic integration and use of ad-hoc
probability distribution improve the estimation
of cell types proportions.
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Next step

Ongoing works

A larger comparative study:

→ with new and mixed integration strategies,

→ on simulations and other benchmark dataset.

• Accounting for the gene regulation network in the estimation,

• Introduction of a dependence model between expression and methylation data.



HADACA 3rd edition
→ Registration open from 01/09/2024 to 06/10/2024

(https://hadaca3.sciencesconf.org/)
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