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Physics -> Biology
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How do tumors develop?

D

S

J

Potentially
cancerous

8

cell

Malignant

if tumor invades
surrounding
tissue
(cancerous)

Benign
if tumor has

Normal cell division

Unregulated cell division

no effect on
surrounding
tissue
(noncancerous)

Metastatic

if individual
cells break
away and start
a new tumor
elsewhere
(cancerous)




Breast Cancer Development

Intraductal
hyperplasia
with atypia

5 year survival:
Stage 1: 95-100%
Stage 2: 86%
Stage 3: 57%
Stage 4: 20%

BUMC.org



Tumors are complex cellular ecosystems
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Working with data - systems biology

What is genomic data?
Regulatory networks

— Transcriptional networks
Connecting genomics with outcomes (survival)

Dissecting tissues (e.g. tumors) at single cell
resolution



Central dogma of molecular biology

Transcription M

Replication




DNA and RNA complementarity
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Using DNA Microarrays to
Measure Gene Expression

Fluorescent cDNA from muscle cell lights up myosin gene
Myocyte Myosin mRNA Fluorescent cDNA DNA microarray  Scanned microarray
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Fluorescent cDNA from lymphocyte lights up immunoglobulin gene
Lymphocyte Immunnglnhulin Fluorescent cDNA DNA microarray  Scanned microarray
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We can assess activity of thousands of genes in a sample

If a gene is expressed, it will bind to its
complementary probe on the array
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http://learn.genetics.utah.edu/content/labs/microarray/



Next generation sequencing

Samples of interest Isolate RNAs Generate cDNA, fragment,
size select, add linkers

TN P

Condition 1 Condition 2 MWV\/\/\/\/\/\/\NWAM . = g " . .l ==
(e.g. tumor) (e.g. normal) Poly(A) tail l

Map to genome, transcriptome,
and predicted exon junctions

Intron pre-mRNA

Exon § Unsequenced RNA RNA reads
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) Short r_eads

split by intron Short insert

100s of millions of paired reads
l 10s of billions bases of sequence

Downstream analysis

https://en.wikipedia.org/wiki/RNA-Seq



$100M

$10M

$1M

$100K

$10K

$1K

Cost per Genome

Moore's Law

genome.gov/sequencingcosts

A
National Human Genome
Research Institute
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Growth of gene expression omnibus at NCBI

https://plot.ly/~sambucas/34/the-growth-of-the-gene-expression-omnibus/ B samples
Datasets

3658623 as of 9:17 am today!
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Raw data — ballpark sizes

DNA microarray (Affymetrix cell file)
TCGA histology slide scan (SVS)
Exome sequence fastqg (100X)

Single RNA-seq experiment

Single whole genome

Complete TCGA dataset (11,000 tumors)

50 Pb (50,000 Tb)




e Sequencing is cheap(ish)

 What about the analysis ?
— Storage
— Compute costs
— Interpretation

* [t will be a long time before computational
biologists are out of a job



et T

u,::é{ S
A s R
...“ -.....Lv ... B !r. f...r (R AL RO

... -l.- -5.- 1- o Tons .IJ. wm gew 0 ot i

Ml fW i

"ll'i"p}”l"zl)'ll'glh‘ LIS SR RS DL R R R u g

I

: .,.,u..bm.

Il

gy dias L.lk‘n\- . R
l.ﬁF ,3 Worrc ez sy

Leg., expression lavel

==

Pt

[l <
(1

TG

e GRT EG R TR F H

Pl

N

BT |
ol
frrakeniy

* o R A NENBENE, ¢
ot e e e e e B O 0] Y 0 R v YO 4070 0V 430 PO LT LS LA DU TR DAL LR D0 e Mo om0 e AT MM AN AT 401

LA e e e P R [ g 4.

’

0243.76
154046

Moderately large scale data

Bl
3

14.09

7092
25218.

000’s rows (genes

67540.89
)

18.13
s columns (samples)
100

189
133960

28064
3

=5 [¥s]
— h
o [Vl
= [==T=]
- [ ]

1

pppppp

ppppppp

’

07377
64
£61
10-1000’
10,000’s-
transcripts)

ol PR . g g g a al a al al a a



Genomic profiles and clinical outcome

Normal karyotype AML, validation set!”

Frobatulity

diffuse large B-cell ymphoma identified by
gene expression profiling

Subtype A

Sorlie et al PNAS 2001

Kratz et al. Lancet 2012



Associating survival with expression levels

Variable Patientl Patient2 Patient4 Patient5 Patient6 Patient7
Time 12 3 8 35 14 22
Status 1 1 1 0] 0] 1
Genel 1.45 0.15 -0.59 -1.88 -0.83 -0.26
Gene2 0.94 -0.35 2.66 -0.23 2.09 -0.13
Gene3 0.91 -0.32 -0.82 -0.35 0.86 0.32

We could look at a fixed time e.g. alive/dead at 5 years — but this
throws away information

Survival often assessed by hazard ratio — the increase in risk of an

event (e.g. death) for each unit increase in some variable (e.g.
age, expression level of a gene)



Gene expression ~ survival

Log Hazard Ratio

Z=-2.2 CCL5 ————
p=0.02 '

“Good” genes “Bad” genes



Clustering of outcome matrix -> biological processes

No. Cancers (n = 166 studies)
genes [ TERIPEE Cell cycle phase

602

NncRNA metabolic process

Gene expression regulation
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http://precog.stanford.edu



Prognostic influence of immune infiltrates
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5 744
1 174 | .61 : B-ALL
1 107
1 158 Burkitt's lymphoma
3 594 DLBCL
1 180
2 189 Multiple myeloma
3 70 Astrocytoma
6 283 -1.71 : Glioblastoma
1 30 ' Meningioma
1 15 Oligodendroglioma

1 30 Bladder cancer

4 567 Breast cancer

3 236 Colon cancer

1 20 Ewing sarcoma

1 18 Gastric cancer

2 96 Germ cell tumors

2 76 Head and neck cancer

9 902 Lung adenocarcinoma

7 408 Lung squamous cell carcinoma
2 26 Lung large cell carcinoma
1 19 Melanoma primary

2 62 Melanoma metastasis

1 33 Osteosarcoma

6 745 Ovarian cancer



Network types

* Protein-protein
* Protein-DNA
* mMiIRNA-RNA

* Transcriptional
(expression) networks ’\

* Signaling networks

[ Activators
1. a-CD3

3. ICAM-2
4. PMA
5. p2cAMP

2. a-CD28 = l
1 \

|
MAPKKK MAPKKK | Mek1/2
|

N, \ .""\
Inhibitors \ 1~9'r.
6. G06976 l l l
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Gene regulatory networks
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Hard to interpret!




Transcriptional regulatory networks

* Imperfect but powerful representation of the system
 Example: Glioblastoma subtypes

— Hairball -> targets of transcription factors -> which are
differentially expressed between GBM types

Carro et al. Nature 2009
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Actual causality is
hard from
observational data




* How do these networks compare in size to
ones in the physical world
— E.g. electrical system, telecommunications

 What sort of qualitative differences are there?

* Do cats or dogs produce worse hairballs?



Heterogeneity of tissues (and tumors)

Bulk RNA-seq

Single-cell RNA-se
8 G Profiling of sorted populations



Can you tell what’s in a smoothie by taste?

How many different flavours?

How small a proportion of the mix?

s it easier to detect presence or absence ?



Averaging across cell types

>

Cells not grouped Cells properly grouped
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Trapnell et al. 2015 Genome Res. 25: 1491-1498



Why single cell?
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Trapnell et al. 2015 Genome Res. 25: 1491-1498



Single cell RNA-seq approaches

FACS sorter

Cells trapped inside
hydrogel droplets

Fluidigm C1

Cellisolation / 4 O _ | Physical separation
' — = of cells on
microfluidic chip

4

‘ OO0
Population A Population B
Dro Physical separation of
| cells into 96-well plates
nDrop

Amplification CEL-seq SMART-seq
method MARS-seq SMART-seq2
SCRB-seq STRT-seq
CEL-seq2

Pooled PCR amplification Individual cell amplification

Papalexi & Satuja Nat Rev Imm 2018



Mass cytometry — single cell proteomics
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Summary

We have technologies to measure many things at the
same time on large numbers of samples

We can test which of thousands of genes are
connected with things of importance such as how
long patients survive

Which genes can tell us about why some patients live
longer

The immune system is very important — almost
doesn’t matter what treatment

Possible treatment options



