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Additional methods
Constrained support Vector Regression

The estimation method proposed by Newman et al ! through Cibersort is based on a
mathematical model called Support Vector Regression (SVR). Given a signature matrix and a
tumor sample, the algorithm estimates the quantity of the cells present in the tumor
sample.

It was already shown that the SVR model is robust to noise and is well suited for the
deconvolution task. However, we want to address here two issues of the algorithm proposed
in Cibersort.

Cibersort estimates the coefficient using the SVR model and in a first step the algorithm
returns coefficients that can be in the whole real numbers set, that is to say even negative
values. It means that it is not yet interpreted as proportions coefficients. In their algorithm
the authors perform a post normalization process that sets to zero the negative coefficients
and then divide by the sum of the coefficients to finally have coefficients that are
proportions-like.

We propose to directly address in the model the fact that what is estimated are proportions.
This was proposed in the early tries of deconvolution using Linear regression and
constrained Linear regression adding first the constraint positivity 2 and then the sum-to-one
constraint®.

Based on this observation, we propose to use the constrained version of the Support Vector
Regression which has been proposed in [add ref our paper arxiv: Linear Support Vector
Regression with Linear constraints] to estimate the cell proportions.

The constrained SVR has several advantages:
1. The results can directly be interpreted as proportions and do not need post
normalization step
2. It is more robust to noise than the classical SVR [add ref our paper arxiv: Linear
Support Vector Regression with Linear constraints]
3. It allows more precision in the estimation process as shown in Supplementary Figure
1.

To illustrate these advantages we used the expression microarray dataset from Abbas et a/ 4
(GEO accession number GSE11103) It includes data from four transformed pure cell lines of
immune origin: Raji, IM-9 (both from B cells), Jurkat (from T cells), and THP-1 (from
monocyte) cells. Three replicates are available for each cell line and corresponding signature
matrix was given in Newman et al.

We simulated in silico samples by mixing the four different types of cells in several different
ratios: each simulated sample was obtained as a linear combination of pure samples
expression values weighted by a random proportion. Gaussian noise was added to the data

2
based on the log10 signal to noise ratio (SNR) given by SNR = 10 loglo(%), were W and 02

are respectively the mean and the variance of the signal. We chose a SNR value of 15. By this
way we generated 100 samples and compared proportions estimated by Cibersort and those
estimated using constrained SVR (modified Cibersort). Results are given in Figure 1 above.
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As shown on this figure, both methods give equivalent results in terms of correlation to the
true proportions when considering all types of cells (higher the best): R=0.91 for Cibersort
and R=0.914 for our method (Figures 1A-B). However, we can see that when considering
each cell type separately (Figure 1C), constrained SVR (modified Cibersort) leads to better
correlations with the true proportions and better RMSE, especially for small proportions.
Cibersort algorithm often leads to a zero-coefficient proportion when the cells are present in
small quantities whereas constrained SVR gives non-zero results that are closed to the true
proportions. The hyperparameters for both models have been chosen using 5-folds cross—
validation.
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Figure 1: (A-B) Scatter plot representing the estimated proportions of 4 cell subtypes using Cibersort (A) and
the modified version of Cibersort (B) as a function of the known proportions. A perfect estimation would
represent all the points on the line x=y. The correlation coefficient R is shown as a performance evaluation
value. (C) Scatter plots representing proportions of 4 cell subtypes estimated using Cibersort (on the left) or
Constrained SVR (on the right) as a function of true proportions values. A perfect estimation would represent
all the points on the line x=y depicted in red dashed lines.
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