
Why data science?
It’s the future



Why biomedical data science?

• Biology is an information science
o Massive resolution, complexity, and scale

• Data science enables analysis of 
otherwise impenetrable data
o Data-driven, agnostic, systematic
o See the forest (big picture), then select the 

most promising trees

• Can accelerate basic/clinical science 
(by days, months, or years)

• Robust and reproducible
• Foundation of precision medicine
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https://pct.mdanderson.org

Cancer remains the 2nd leading cause of death

• Tumors are heterogenous on 
molecular, phenotypic, and 
spatial levels

• Every patient’s cancer is unique

• Critical need for precision 
oncology: individualized 
diagnostics and treatments
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Today: Discovering cancer resistance mechanisms with data viz

Benefit Resistance

Severe
Toxicity

Favorable

Adverse

O
ut

co
m

e



https://alpercinar.com/open-cell-id/

Why data visualization (data viz)?
Pictures reveal hidden content –
Map of cell phone towers illuminates densely and sparsely populated areas (and their connections)



Why data visualization: Seeing is believing



- Science without effective communication is content without delivery

- Figures are the center of attention

- Data visualization can facilitate scientific discovery

Why data visualization: Omics data are otherwise impenetrable

High dimensional Noisy
Clarity

Omics data are … Your goal is …



Exploratory visualization can be critical
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Today’s agenda
- Introduction to data visualization

- Common plots
- How to make plots

- Application of data viz to immuno-oncology
- Caveats of data viz
- General tips and best practices
- Resources
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Introduction to data visualization
- Exploratory analysis

- Quality control
- E.g., Outlier identification

- Discovery
- Figure generation

- Ten Simple Rules for Better Figures (Rougier et al., PLOS Comp Biol 2014): 
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1003833

- Fundamentals of data viz
- https://clauswilke.com/dataviz/

- https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html
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https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1003833
https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html
https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html


How to do data visualization?
R and Python 
- Preferred for reproducible figures and exploratory plots
Microsoft Excel/PowerPoint
- Useful for exploratory charts and simple schematics; from PowerPoint, 

can export as PDF or directly copy and paste into Illustrator for polishing
GraphPad Prism
- Publication quality, but limited to smaller datasets
- Tips: use ½ point line/axis thickness, remove bolding, use Helvetica font
Adobe Illustrator
- Schematics; polishing of figures made elsewhere; arranging multi-panel 

figures for publication
BioRender for schematics focused on biological sciences
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Key graphical packages in R and Python

- Core libraries
- ggplot2
- ComplexHeatmap (Bioconductor)
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- Plotly
- Matplotlib (fully customizable)
- Seaborn

- Higher level version of 
Matplotlib with less options 
but easier to use



Basic plots
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https://clauswilke.com/dataviz/
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Basic plots (cont.)
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Heat maps
Visualize patterns in high-dimensional data, e.g., coordinately 
expressed genes, accessible chromatin, ChIP-seq peaks, etc.

Scaling and normalization are critical

Rows often expressed as z-scores

Popular color schemes (red-green color-blind accessible)
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ComplexHeatmap (R)
- Bioconductor package for layering 

meta-data and other plots with 
one or more heat maps

- Highly customizable
- Supports multiple omic-style 

visualizations
- Addresses label crowding
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https://jokergoo.github.io/ComplexHeatmap-reference/book/

Tutorial with data from a publication: https://github.com/kevinblighe/E-MTAB-6141

https://github.com/kevinblighe/E-MTAB-6141
https://github.com/kevinblighe/E-MTAB-6141


Data visualization for immuno-oncology
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Invasive Noninvasive

Liquid biopsy

scRNA-seq
Bulk 

transcriptomics
Visium

(10x Genomics)



21

Tissue biopsy

Invasive Noninvasive

Liquid biopsy

scRNA-seq
Bulk 

transcriptomics
Visium

(10x Genomics)

Data visualization for immuno-oncology

Data viz for DNA sequencing data
- Extensively covered elsewhere; 

see, e.g., https://genviz.org/

https://genviz.org/


Rationale for Study DesignCombining single-cell and bulk assays for immunotherapy profiling

(Gohil et al., Nat Rev Clin Oncol 2021 18:244-256)
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Digital cytometry with CIBERSORTx

Cell type
expression

Class I Class II

Differential expression
HighLow

Group I Group II

https://cibersortx.stanford.edu
Newman et al., Nature Methods (2015)
Newman et al., Nature Biotechnology (2019)
Steen et al., Methods Mol Biol (2020)

https://cibersortx.stanford.edu/
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Newman et al., Nature Biotechnology (2019)

Single-cell reference maps for cellular biomarker discovery



Newman et al., Nature Biotechnology (2019)

Single-cell reference maps for cellular biomarker discovery
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checkpoint blockade in patients with melanoma
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Discovering toxicity mechanisms
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Encephalitis, aseptic meningitis
Hypophysitis

Pneumonitis

Dry mouth, mucositis

Vasculitis

Thyroiditis, hypothyroidism,
hyperthyroidism

Uveitis

Myocarditis

Thrombocytopenia, 
anemia

Adrenal insu!ciency
Nephritis

Hepatitis
Pancreatitis,

autoimmune diabetes

Arthralgia
Neuropathy Enteritis

Colitis

Rash, vitiligo

• Immune-related adverse events (irAEs) can 
occur in any organ system

• Immune checkpoint inhibitor (ICI) efficacy 
hindered by irAEs (Wolchok et al., NEJM 2017): 
Checkmate 067
– 59% experienced grade 3 to 4 irAEs with 

combination ICIs
– 39% experienced irAEs that led to treatment 

discontinuation

• Pathogenesis remains unclear

adapted from Postow et al. NEJM (2019)

Grade 0 Grade 1 Grade 2 Grade 3 Grade 4 Grade 5
DeathLife threateningSevereSymptomaticAsymptomaticNo toxicity

Toxicity is ”the dark side” of cancer immunotherapy



Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

Single-cell discovery cohort



Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

Single-cell discovery cohort



CyTOF



Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

Elevated CD4 TEM cells in pretreatment blood significantly associated with severe irAEs

Determinants of severe irAEs from pretreatment blood



Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

Elevated CD4 TEM cells in pretreatment blood significantly associated with severe irAEs

Determinants of severe irAEs from pretreatment blood



scRNA-seq



Patient IDs

Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

CD4 T cell
state 5

CD4 T cell
state 3

32 cell states

CD4 T clusters 5 and 3 most correlated with CD4 TEM (CyTOF) severe irAEs

Paired analysis of 13 patients by scRNA-seq



Patient IDs

Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

CD4 T cell
state 5

CD4 T cell
state 3

32 cell states

CD4 T clusters 5 and 3 most correlated with CD4 TEM (CyTOF) severe irAEs

Paired analysis of 13 patients by scRNA-seq



Bulk RNA-seq



Lozano*/Chaudhuri*/Nene* et al., Nature Medicine (2022)

P < 0.05

Does bulk RNA-seq agree with single-cell data?
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Does bulk RNA-seq agree with single-cell data?



Spatial 
transcriptomics



Rapid advances in spatial assay development

MERSCOPE (Vizgen) for single-cell spatial profiling of 500 genes

https://vizgen.com/products/



§ Current spatial transcriptomics (ST) platforms are low spatial resolution or have low gene recovery

§ Most deconvolution methods impute cell type fractions

Single-cell profiling with spatial transcriptomics

Single cells 
mapped to 

spots

Cell fractions

Vahid*, Brown*, Steen* et al., Nature Biotechnology (2023) https://github.com/digitalcytometry/cytospace 



Enhanced gene recovery in single-cell spatial 
transcriptomic data

Vahid*, Brown*, Steen* et al.



Enhanced gene recovery in single-cell spatial 
transcriptomic data

Vahid*, Brown*, Steen* et al.



Caveats of data visualization
- Be mindful of the limitations of different visualization techniques, 

especially those that perform dimensionality reduction (e.g., 
PCA, t-SNE, UMAP) 

- What you see is not always complete or accurate

47
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1. Perform QC
2. Filter for most variable genes
3. Do PCA to extract most informative signal (top 10-40 PCs)
4. Do UMAP (or t-SNE) in 2D – *no technique is always better

3D mammoth skeleton projected into 2D
t-SNE Perplexity 50 13min

UMAP Nneigh 50 2min

t-SNE UMAP

https://pair-code.github.io/understanding-umap/

Common visualization workflow for scRNA-seq
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1. Perform QC
2. Filter for most variable genes
3. Do PCA to extract most informative signal (top 10-40 PCs)
4. Do UMAP (or t-SNE) in 2D – *no technique is always better

3D mammoth skeleton projected into 2D
t-SNE Perplexity 2000 2hr

UMAP Nneigh 50 2min

t-SNE UMAP

https://pair-code.github.io/understanding-umap/

Common visualization workflow for scRNA-seq



Without statistics, not all patterns are meaningful

50

2,
06

0 
ge
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s

Higher

Lower

Same genes, hierarchically 
clustered within each groupHigh and low groups



General tips and best practices

- Make text BIGGER!.

- Make figures self-contained (minimize reliance on captions)

- Use consistent font size for all text except panel letters

- Use color and/or shapes to distinguish categories or to brighten up the figure

51

As a rule of thumb, stand back 
from your monitor at least 3 feet

If the text isn’t legible, enlarge it



General tips and best practices
Know your audience
Optimize your data presentation for simplicity, impact, and cosmetic appeal 
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“Sometimes a designer will make the visualization more complicated than it 
needs to be, not because he is trying to make the data look bad, but for 

precisely the opposite reason: he wants the data to look as good as possible. 

This is an equally bad mistake.”

“Your data is important and meaningful all on its own; you don’t have to 
make it special by trying to get fancy. Every dot, line and word should 

serve a communicative purpose: if it is extraneous or outside the scope of the 

visualization’s goals, it must go. Edit ruthlessly. Don’t decorate your data.”



Resources
- Figure generation

- Ten Simple Rules for Better Figures (Rougier et al., PLOS Comp Biol 2014): 
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1003833

- Fundamentals of data viz
- https://clauswilke.com/dataviz/

- https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html

- Newman Lab software tools
- https://anlab.stanford.edu/software

- Immunotherapy expression datasets
- http://tide.dfci.harvard.edu/download/
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https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1003833
https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html
https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html
https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html
https://blogs.nature.com/methagora/2013/07/data-visualization-points-of-view.html

