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TUMOR MICROENVIRONMENT
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THE IMMUNE LANDSCAPE OF CANCER
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BULK TRANSCRIPTOMICS
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WIDE VARIETY OF DECONVOLUTION METHODS...

Yadav and Mohammadi
De, 2015 etal, 2017
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Fig. 1 Venn diagram showing the number of deconvolution methods covered by
each review article (using transcriptomics data as input). (*) We discussed Nano-

Avila Cobos F et al (2018) Bioinformatics. 34(11):1969-1979.



...BASED ON A VARIETY OF APPROACHES
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ALTERNATIVE METHOD USING RANK BASED ENRICHMENT
ANALYSIS: XCELL
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ENRICHMENT OF TUMOR-SPECIFIC CELL TYPES IN TCGA
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IMMUNOSTATES: A GENE MATRIX LEVERAGING
HETEROGENEITY AND DISEASE CONDITIONS
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THE QUALITY OF THE RESULTS DEPENDS MORE ON
THE GENE MATRICES THAN ON THE ALGORITHMS
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CHARACTERIZATION OF 29 HUMAN IMMUNE CELL TYPES
BY RNA-SEQ AND FLOW CYTOMETRY
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THE ENDLESS PROBLEM OF NORMALIZATION
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SINGLE CELL SEQUENCING
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THE FUTURE (last year)
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THE FUTURE (nhow)
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ADVANTAGE OF THE USE OF SINGLE CELL GENE EXPRESSION
PROFILES IN SIMULATED BULK TUMOR SAMPLES
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IDENTIFYING GENE EXPRESSION PROGRAMS UNDERLYING
BOTH CELL-TYPE IDENTITY AND CELLULAR ACTIVITIES (E.G.
LIFE-CYCLE PROCESSES, RESPONSES TO ENVIRONMENTAL
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CONSENSUS NON-NEGATIVE MATRIX FACTORIZATION INFERS
IDENTITY AND ACTIVITY EXPRESSION PROGRAMS IN

SIMULATED DATA
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BULK GENE EXPRESSION DECONVOLUTION BY
MULTIPLE SINGLE-CELL RNA SEQUENCING REFERENCES
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OTHER LIMITS IN THE RELIABILITY OF GENE MATRICES

FACS separation
procedures may
Influence gene

expression The nu_mber of
transcripts that
can be
sequenced in
Tissue single cell

disaggregation \\ experiments is
can damage the ‘\low (600-2000)
cells and lead to a
selective loss and
gene expression
changes




SPATIAL DETECTION OF TRANSCRIPTS IN TISSUE SECTIONS
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SUMMARY

The cell
fractions of a
tumor sample
can be
estimated from
bulk RNAseq / The future:
spatial
Quality of \ transcriptomics
results depen ?
on accurate
cell-type and
activity specific
ene matrice
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