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Who are we?



Who are we?
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Even though scientific research should guarantee reproducibility
and replication of any experiment…

§ Neuroblastoma
§ ALL, AML, …
§ Lung cancer
§ Cancer ‘X’



There is a clear “reproducibility crisis” in scientific research



1,500 scientists lift the lid on reproducibility. Baker,M. (2016) Nat. News, 533,452.

There is a clear “reproducibility crisis” in scientific research



§ Sample heterogeneity

§ Insufficiently documented or incorrect data processing practices 

(MAQC Consortium, 2010).

§ Platform-specific differences (SEQC/MAQC-III Consortium, 2014).

There are several important factors responsible for this crisis



Tumors as organs: complex tissues that interface with the entire organism.
Egeblad et al., 2010. Dev Cell. 18(6):884-901.

Tumor samples also contain a variable portion of non-malignant 
cells that include epithelial, stromal and infiltrating immune cells



Single-cell technologies 
allow the analysis of 
individual cells within 
heterogeneous tissues…

…but have labour-
intensive protocols and 
require expensive 
resources, hindering its 
establishment in the 
clinic



Integrating liquid biopsies into the management of cancer. Siravegna et al., 2017. Nature Reviews Clinical Oncology

cfRNA cfDNA

Single-cell technology is not applicable to cell-free scenarios 



?

Single-cell technology is not applicable to cell-free scenarios 

Integrating liquid biopsies into the management of cancer. Siravegna et al., 2017. Nature Reviews Clinical Oncology
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Computational deconvolution is the solution

inference of 

cell type proportions

AND/OR

cell type-specific expression 
profiles

in heterogeneous samples

DECONVOLUTION



Deconvolution applied to cell-free scenarios has been mainly 
focused on DNA



Although deconvolution of cfRNA also exists



§ Mathematical approaches
§ Factors affecting the 

deconvolution efficiency:
• Pre-processing 
• Logarithmic versus 

linear space
…



Expression data often transformed into logarithmic scale because the statistical tests used
for differential gene expression assume an underlying normal distribution.

Although log transformation is routinely included as part of the
pre-processing of omics data…



§ The reconstructed signal is an under-
estimation of the signal measured from the 
mixture.

§ If the data was transformed back to linear 
scale à accurate deconvolution

…deconvolution requires data in linear scale as opposed to log 
transformations for DGEA

Gene expression deconvolution in linear space. Zhong,Y. and Liu,Z. (2012) Nat.Methods, 9, 8–9.
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LOG LINEAR



…deconvolution requires data in linear scale as opposed to log 
transformations for DGEA

Gene expression deconvolution in linear space. Zhong,Y. and Liu,Z. (2012) Nat.Methods, 9, 8–9.



Comprehensive benchmarking of computational

deconvolution of transcriptomics data

§ What’s more important: transformation, pre-processing, method?

§ Are they equally important?

§ Are there differences in terms of performance?

§ Pre-print will be available @ bioRxiv on December 5, 2019



inference of 

cell type proportions

AND/OR

cell type-specific expression 
profiles

in heterogeneous samples

DECONVOLUTION

Goal: inference of cell type proportions in artificial tissues



C

C

T

We take advantage of having individual cells (scRNA-seq)

scenario 1

scenario 2“pseudo-bulk” 
mixtures

(artificial tissues)

“bulk” cell-type specific profiles

single cells from different individuals



The performance is assessed using pearson correlation and 
the root mean squared error (RMSE)

Computed proportions

Expected
proportions

expected proportions = computed proportions

Pearson correlation = 1
RMSE = 0



Scenario 1: Computational deconvolution using “bulk” RNA-seq data 

Avila Cobos et al., in preparation



Mathematical approaches to solve the deconvolution problem

§ Supervised: 
§ a) Given T and C à P

§ OLS, nnls, RLR, FARDEEP, CIBERSORT, MMAD, DSA

§ b) Given T and P à C
§ LRCDE, MMAD

BULK



§ Semi-supervised: Given T + set of markers à P
§ DSA, ssKL, ssFrobenius
§ WISP (NNLS). 

§ Unsupervised (=Complete deconvolution): Given T à C and P
§ MMAD, deconf, NMF (Virtual microdissection)
§ deconICA

Mathematical approaches to solve the deconvolution problem

§ Supervised: 
§ a) Given T and C à P

§ OLS, nnls, RLR, FARDEEP, CIBERSORT, MMAD

§ b) Given T and P à C
§ LRCDE, MMAD

BULK



OLS:   RSS(β) = (y - Xβ)T(y - xβ)

§ NNLS (non-negative least squares): 

§ OLS + non-negativity + sum-to-one 

Mathematical approaches to solve the deconvolution problem

§ RLR/FARDEEP (Robust Linear Regression):

§ Outlier removal before coefficient estimation



§ NMF

§ Random initializations of P

Mathematical approaches to solve the deconvolution problem

OLS

§ ssNMF (ssKL, ssFrobenius)

§ Use marker information

§ DSA:



§ QP

Mathematical approaches to solve the deconvolution problem

§ Regularization (lasso, ridge, elastic net)

Hastie et al. - The Elements of Statistical Learning (book)



Transcriptomics or methylation data

Two-step approach:
1) Estimates pure population profiles based on predefined pure 

samples.
2) Estimates the proportions of each pure population in a mixed sample 

through NNLS.

Mathematical approaches to solve the deconvolution problem

§ WISP (Weighted In Silico Pathology; Blum et al., 2019):

MPM signatures with three components: epithelioid-like, sarcomatoid-like
and non-tumor.
a) for tissues (with a complex microenvironment present)
b) for cell lines



§ deconICA (Czerwinska et al.):
§ Challenge: assigning components to specific biological processes, 

cell types and technical factors. 

§ Cell-types associated with components through highest correlation.

Nazarov et al, 2019. BMC Medical Genomics

Mathematical approaches to solve the deconvolution problem



Data transformation has a dramatic impact on
the deconvolution results



NNLS + QN NNLS + TMM 

Different combinations of normalization and method reveal
important differences in performance



Human 
pancreas PBMCs

Removing cell types from the reference matrix results in substantially
worse deconvolution results



Avila Cobos et al., in preparation

Scenario 2: Computational deconvolution using scRNA-seq data 



Mathematical approaches to solve the deconvolution problem
§ Supervised: 

§ a) Given T and C à P
§ DeconvSeq, MuSiC, SCDC, DWLS,…

SINGLE-
CELL

Wang et al., Nat Comm (2019)

+

MuSiC: MUlti-Subject SIngle Cell deconvolution



§ DWLS (Tsoucas et al., 2019): w-NNLS tweaked to adjust the contribution 
of each gene (e.g. avoid minimal contribution of good markers only due 
to low mean expression levels).

Dong et al., 2019

§ SCDC (Dong et al., 
2019): w-NNLS + 
integrating multiple 
single-cell datasets 
at once while 
accounting for batch 
effects.



Data transformation has a dramatic impact on
the deconvolution results



§ Logarithmic transformation results in a poor performance.

§ Computational deconvolution must be performed with data in linear scale.
§ Different combinations of normalization and method reveal important 

differences in performance.
§ Single-cell methods have comparable performance to the best performing 

bulk methods.

§ Removing cell types from the reference matrix leads to worse results in 
both bulk and single-cell deconvolution frameworks.

§ Further reading: Sturm et al. Comprehensive evaluation of transcriptome-
based cell-type quantification methods for immuno-oncology

Take-home messages
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