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CANOVACCIO

O bisogni e priorita che sono alla base del tema trattato,

L evidenze disponibili sulla valutazione del test/tecnica, possibilmente
distinguendo fra validita analitica o tecnologica (funziona bene?),
validita clinica (e associato alla condizione clinica cercata?) e utilita
clinica (produce benefici misurabili?),

O confronto della metodica proposta con lo standard (di diagnosi o
cura) esistente,

L aspetti relativi alla tipologia e al disegno dello studio da considerare
per la valutazione del test/tecnica in oggetto,

O aspetti pre-analitici (o di preparazione del paziente) che possono
condizionare I'accuratezza della misura o della tecnica usata,

O aspetti post-analitici (criteri decisionali, criticita di interpretazione).
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TUMOR MICROENVIRONMENT

,‘ CANCER CELL

| Jog

e
Q PMN-MDSC Y p a o
- & o0 &
Q MAST CELL \Q’ { QJ
'? MACROPHAGE f\"\'; -
©@ TCELL
©®  NKCELL
® BCELL
®  ERYTHROCYTE
= ENDOTHELIUM
//\ ADIPOCYTE
ECM



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

Yadav and Mohammadi
De, 2015 etal,b 2017

Shen-Orr and ,
Gaujoux, 2013 0 ‘ Avila Cobos
etal, 2017

3** 25

o

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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Sensitivity

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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BEST APPROACH: scale the TPM values by a factor that minimizes the error
between flow cytometry and deconvolution proportions
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Cell Reports AND MORE....

Epigenomic Deconvolution of Breast Tumors
Reveals Metabolic Coupling between Constituent
Cell Types
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Cell Reports

AND MORE...

Spatial Organization and Molecular Correlation of
Tumor-Infiltrating Lymphocytes Using Deep

Learning on Pathology Images
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In Brief

Tumor-infiltrating lymphocytes (TILs)
were identified from standard pathology
cancer images by a deep-leaming-
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by Saltz et al. They processed 5,202
digital images from 13 cancer types.
Resulting TIL maps were correlated with
TCGA molecular data, relating TIL
content to survival, tumor subtypes, and

immune profiles. 20 18



DEVELOPMENT OF A GENE EXPRESSION-BASED MODEL OF
RETINOIC ACID SENSITIVITY

ATRA SENSITIVITY IN BREAST CANCER CELL-LINES
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