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Results

Novel therapies that modulate the immune system like checkpoint inhibitors provide a
remarkable benefit to a subset of cancer patients. The identification of predictive
response biomarkers to prospectively select these patients remains the biggest
challenge. As interactions between the immune system and tumor cells are governed by
a complex network of cell-cell interactions, knowing the specific immune cell
composition of a solid tumor may be essential to predict a patient’s response to
immunotherapy. Here, we describe how to derive the cellular composition of a solid
tumor from bulk gene expression data by mathematical deconvolution, using indication-
and cell type-specific reference gene expression profiles (RGEP) from tumor-derived
single-cell RNA sequencing data. We demonstrate that tumor derived RGEPs are
essential for the successful deconvolution and that RGEPs from peripheral blood are
insufficient. In addition, improved tumor cell gene expression profiles can be obtained
by this method by computationally removing contamination from non-malignant cells.
Given the difficulty around sample preparation and storage to obtain high quality RNA-
seq data, the presented method represents a computational solution to derive the
cellular composition of a tissue sample.

Comparison of gene expression profiles of single cells from different 
data sources

(a) Single cells were arranged in two dimensions based on similarity of their gene expression profiles by the dimensionality

reduction technique t-SNE. The clusters that emerge spontaneously can be associated with cell types (colours) and data

source (symbol types: squares for PBMC-, triangles for the melanoma-, and diamonds for ascites data-sets). (b) Pair-wise

correlation of averaged gene expression profiles of clusters encoding cell type and origin as identified in a) visualised as

dendrogram. (c) Number of cells and cellular composition per sample.

Estimation accuracy of cellular composition is dependent on the 
origin and quality of reference gene expression profiles (RGEP)

• RGEP1 is derived from the PBMC data set.
• RGEP2 is derived for each cell type across

the three data-sets.
• RGEP3 is data-set/indication and cell type

specific.
• CNTR1 uses patient-specific profiles for

the malignant cells only and consensus
profiles for each non-malignant cell type.

• CNTR2 uses patient-specific profiles for all
cell types.

(a) Scatter plot of true and estimated cell

proportions for all 27 patient samples. Each

dot represents one patient sample. Values

close to the diagonal correspond to high

deconvolution accuracy. Columns depict cell

types; rows describe the five different

configurations (REGP1-3 and CNTR1-2). 𝜌

denotes the Pearson’s correlation coefficient.

In configuration REGP1, estimates for tumour-

associated cell types are not available. (b)

Pearson’s correlation coefficient between

estimated and true cell fraction for all five

configurations. Dots denote the median of

the correlation coefficient; the shading

represents the uncertainty based on

bootstrapping (upper and lower quartile).

(Please note the different scaling of the figure

axes.)

Estimation accuracy of patient-specific tumor cell gene 
expression profiles

(a) Scatter plot of estimated vs. true transcriptome wide gene expression (17,933 genes) of the
tumour cells for individual patient samples. Patient samples without any tumour cells have been
excluded from this analysis. 𝜌 denotes the Pearson’s correlation. Correlation plots with grey
background indicate patient samples with less than 20% tumour cell content. Colours according to
legend in panel b). (b) Correlation values from panel a) plotted against the estimated proportion of
tumour cells for each patient sample. Shading represents uncertainty based on bootstrapping.
Symbols and numbering denote individual patient samples.

Classification of cell types from scRNA-seq 
expression profiles using decision trees 

(a) DBSCAN clustering is performed on the t-SNE map to identify distinct cell clusters with high similarity. (b) The expression of 45
marker genes is evaluated based on three logical gates (AND, OR, NOT) and shown on top of the t-SNE mapping. (c) Predominant
cell types within each cluster are identified based on the marker gene expression and used as a training set for unsupervised
classification. (d) A decision tree classifier is trained and utilized to predict the cell types of all individual cells. (e) The resulting
map indicates all nine major cell types by colour and by indication (melanoma, ascites) or location (PBMCs) by symbols.

(a) The result of our cell type classification (left bars, dark colours) compared to the cell types provided across all melanoma
samples in the data-set by Tirosh et al.1 (right bars, light colours). (b) Cell type classification (left bars, dark colours) compared to
FACS data (right bars, light colours) for four ovarian ascites patient samples. For sample 7892M, macrophages/monocytes could
not be detected by FACS.
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