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 What differs between responders 

and non-responders?

 Can we find therapeutic approaches 

for the non-responders?

 Molecular data at single-cell 

resolution can help

The challenge
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Targeted therapy to
inhibit genetic drivers

ca. 1990

Immunotherapy to
boost  immunity

ca. 2005

Therapy to
remove niche support

ca. 2020’s?

Single-cell sequencing characterizes the TME
Cancer cells

Niche cells

Immune cells

Niche cellsImmune cells

Cancer

Understanding will bring 

new therapeutic approaches 

Cell composition of the tumor microenvironment (TME) 

of metastatic lung cancer
with Joan Massagué Lab

Laughney et al. Nat Med 2019



T-cell states are associated with ICT response

Response to immune checkpoint therapy in melanoma

Nir Hacohen Lab

Sade-Feldman et al. Cell 2018



TCF7+ CD8+ T-cell frequency 

in tumor tissue predicts better 

response and survival

Genes that predict ICT response

 scRNA-seq identifies T-cell gene programs 

corresponding to responders and non-responders

 Approach is genome-wide and unbiased Nir Hacohen Lab

Sade-Feldman et al. Cell 2018



with Sasha Rudensky Lab

Brown, Gudjonson et al. Cell 2019

scRNA-seq of sorted clinical melanoma dendritic cells

Discovered and 

characterized a new 

dendritic cell subset

Novel dendritic cell phenotypes play a role in ICT

rare populations matter



Patients

5 untreated LM

(2 breast, 3 lung cancer)

~15,000 cells total

 Leptomeningeal metastases: 3.5 months median survival

 CSF is low in iron, rich in immune cells—how do cancer cells survive?

 Cancer cells from all patients overexpress two iron transport genes

Cancer cells co-opt an immune survival strategy
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with Adrienne Boire Lab

Chi et al. Science 2020



 Iron chelation inhibits cancer cell growth in CSF

 Genome-wide view provided an unexpected mechanism for cancer cell 

survival and immune suppression: competition for resources

 From data to clinical trial in 8 months 
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Cancer cells co-opt an immune survival strategy

with Adrienne Boire Lab

Chi et al. Science 2020

macrophage

macrophage

LCN2

SLC22A17

cancer cell

plasma CSF

brain

Iron chelation vs. control 

0 1 2 3 4

0

1

2

3

4

5

6

7

Time (weeks)

F
lu

x
 (

´
1
0

6
p
/s

)

PC9-LeptoM

Ctl

DFO Late

DFO Early

D-Pen

**** ** **

vehicle D-Pen DFO early DFO late

54321

Luminescence



Problem
 Typical dataset is a matrix of 100,000 cells x 20,000 genes (~200 million values)

 Yet, it is only derived from 10–40 patients, insufficient for most clinical questions

 Clinical trials inherently contain small sample sizes

Solutions 
 Meta-analysis of multiple clinical trials 

 Integrate single-cell data with large bulk genomics or H&E datasets

 Incorporate prior biological knowledge into the modeling

Single-cell data is not ‘big data’

Single-cell data feels like ‘big data’, but it is actually ‘complex data’
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 Goal of factor analysis: decompose a cellular profile into gene programs 

 This is an unconstrained problem (many ways to slice and dice the matrix)

 Many factors are confounded by cell type or technical noise

Factor analysis to characterize gene programs



Bias the factorization towards 
prior gene programs to generate 

interpretable programs

Spectra factor analysis
Spectra: Supervised pathway deconvolution of interpretable gene programs
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 how well they match the data 

 support for knowledge graph

Factors are fit to the data by 
adding and removing genes

Novel factors can be found by 
detaching them from the graph
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42 BRCA patients (all histologies)

Pre- and on-therapy biopsies (1 cycle anti-PD-1)

scTCR-seq and scRNA-seq

Spectra dissects breast cancer response to immunotherapy

Diether Lambrechts Lab

Bassez, Vos et al. Nat Med 2021

Response to anti-PD-1 treatment in breast cancer



 Tumor-reactive and exhausted 
gene-sets are highly overlapping 
and correlated 

 Spectra can deconvolve these 
highly related processes

Tumor-reactive T cells respond to immunotherapy 
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Spectra adapts the genes to the data

Spectra identifies putative new mediators

replicated in a validation dataset



 Spatial context is needed to understand cell-cell interactions

 New spatial technologies are emerging  

 Cell-cell interactions can serve as potent drug targets

IBEX MERFISH10x VisiumLunaphore COMET

Understanding cells in their tissue context



 Collect well-designed longitudinal cohorts, including responders and non-responders; 

profile with single-cell and spatial technologies  

 Work in teams of immuno-oncology and computational experts to design new 

algorithms suited for this data

 Aggregate cohorts (with careful statistics), integrate with other data modalities

What we need to do
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