Visualization and interpretation of
high-throughput genomics data
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My lab develops computational methods and uses computational
approaches to study epigenetics and transcriptional regulation
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LET'S SOLVE THIS PROBLEM BY
USING THE BIG DATA NONE
OF US HAVE THE SLIGHTEST
IDEA WHATTO DO WITH

® marketoonist.com



Learning Objectives

« Understand common types of plots for presenting high-throughput
genomics data

« Understand essential elements of effective genomics data
visualization

* Learn key principles and tips for data presentation



High-throughput genomics technologies enable genome-wide measurements

ChlIP-seq (Barski et al. 2007)
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High-throughput short-read sequencing (lllumina)
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Original sequence reads are not easy to visualize
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Signal tracks are sequence fragments piled up
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Essential elements in genome browser tracks

e Chromosomal locations
 Track label

 Track scale
X: resolution?
y: normalization?

C Chr19 (q13.12) [TTEP MR PAERERR 1512 19012 (RERERY EXCRNSL M RTERER £ R
Scale 50 kb hal9
Che19: 36,150,000] ' 36,200,000 e 36,250,0001

1-
ATAC-seq
(50,000 cells
per replicate) I
O -

1_

DNase HS
ENCODE/Duke
il e

1-

FAIRE-seq

ENCODE/UNC | I | | | | ' | I
0-

1-

ATAC-seq
(500 cells)

o_mALJuJMMmNL‘L-Juildi d . .hLJMlMuhH UanthJNﬂL ol Jx.w

W CTCF
W H3K4me1 1- ‘| |
HaK27ac " 1 ‘
H3K4m93 .MALAA. - A‘...m...u_ Au&h,m__lﬁm. _L.“.._Lh...l PRI TPy 77} ..,.£‘|LHJLMM LM‘A._m‘mJL,nLAJ,L_I ,.._.L,A.‘L-g.u..l -
HAUSS bhp-HHi-m ETV2uH) UPK1A+3p44 ZBTB32r-4§ IGFLR1H HSPB6M4 ARHGAP33-#HiHHE
RBMA42 bt} UPK1A-AST sl MLL4 bEHEHHIHE -1 C190rf55 Hp-p-Hil
COX6B1 b3p+++1 U2AF1L4 144 ARHGAP33 |siiHHH
U2AF1L4
PSENEN i
LIN37 b-4hp

Buenrostro et al. Nat Methods 2013
12



O

ESCs

LSK cells

How to integrate patterns observed on signal tracks?
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TSSs sorted by expression

ATAC-seq
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Essential elements in a ripple heatmap

 Heatmap presents 3-dimensional data
« X: What loci/anchor is each row? Range?

* y: What are the rows? How many? How are
they ranked?

h: Data title/label (what signal?) color scale?

TSSs sorted by expression

ATAC-seq
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Multiple datasets visualization by ripple heatmap
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Composite plots
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Essential elements in a composite plot
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Common misinterpretations of composite plots

« Caveat 1: A peak in a composite plot may be contribute by only a
tiny fraction of regions (not representative of global picture)

« Caveat 2: A higher peak does not necessarily mean stronger
signal or more region coverage



Venn diagram presents yes/no relations between sets
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TSSs sorted by expression

Heatmaps and scatter plots are more informative than a Venn diagram
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Volcano plot for differential gene expression
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» Scatter plot 16 . R
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Shan et al. Nature Immunology 2022
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Differential gene expression visualization by heatmap
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Hi-C contact heatmap for 3D genome interactions
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Hi-C contact heatmap for 3D genome interactions
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Essential elements in a Hi-C contact heatmap
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Circos plot integrates multiple layers of genomic information

Chromosome
coordinates
Copy number

Deletion, duplication

Interchromosomal TLs
inversions, and
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Intrachromosomal
rearrangements (>1Mb)

Dixon et al. Nat Genet 2018
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Single-cell data: clustering vs. t-SNE/UMAP visualization
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Information may be lost or distorted in dimensionality reduction

P ————— - L
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Bubble plots: NGS-based applications (-seq)
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Summary

Genome browser track Composite curve Venn diagram Volcano plot tSNE/UMAP scatter plot
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Some tips



Gran IMM (RPKM)
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Scatter plot

* The density of the data points matters!
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Choose the appropriate axis scale for plotting
(linear or logarithm)
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Can you spot any issue with these bar plots?
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Plots from Cell 2014
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T THINK WE SHOULD
GIVE IT ANOTHER SHOT.

WE SHOULD BREAK
UR ANDI (AN
PROVE 1T,

QK

| OUR RELATIONSHIP

MAYRE YOURE RIGHT.

[ T KNEW DATR Wouto CONVINCE You.

NO, T JUST THINK T CAN DO
REMER THAN SOMEONE WHO
DOESN'T LABELHER AXES,

9
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Can you spot any issue with these bar plots?
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-
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n=5n=5 Vi S
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268 proteasome [nM]

Bar chart y-axis should always start at 0, and on a linear scale.
If the difference is small, box plots or original data points are better.

Plots from Cell 2014
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Isotopically Light (%)

Another example
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H3K4me2

Scatter plot? Group them if needed
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However, grouping should be fair/unbiased
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Scale matters!
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Areas of Russia, France and
Vatican compared*

*not to scale

Scale matters. It does!

Twitter/X
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Take-Home Tips

Always check the axes and pay attention to the scale.
Bar charts should always start at zero, on a linear scale.
Pay attention to data point density in scatter plots.

Group data points when needed, but do it in an unbiased way.



Having the data is not enough;

presentation and interpretation matter
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HOW TO:
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Thank you very much!

zang@yvirginia.edu
zanglab.org
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