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Introduction

The advent of whole-genome DNA sequencing and pialtomic technologies has led to a big
data revolution in health reseatth All of these technologies generate massive atsafrdata,
and many are relevant to Allergy and Immunologgluding transcriptomics, proteomics,
metabolomics, epigenomics, microbiomics and expasariihe interdisciplinary field of
bioinformatics has formed in response to this fbd big data. Bioinformatics combines
computer science, statistics, and biology to araéymd interpret biological data. Although
bioinformatics is a technical field, visualizatioemains a central tool for understanding the
complex relationships found in these data setss paper provides a review of current
bioinformatics data visualization best practicestigh a series of case studies using publically

available mechanistic data from a recent oral imotiverapy clinical trigl

While statistical graphics have been in use sindeast the 160dswork to understand links
between visualization and human perception andeate visualization “best practices” is much
more recent.® Modern data visualization combines techniques lopes across diverse fields
including psychology (perception, attention), cdloeory, statistics and computer science
(human-computer interaction, big data storage,mnodessing). This multi-disciplinary approach

to visualization serves as a cornerstone for utaedsng bioinformatics data.
Bioinfor matics Visualization Techniques
Fundamentals

Visualizing bioinformatics data allows researchergain insight into their data that is not
obvious from simple descriptive statistics (Suppdatal Figure 1). Much can be accomplished
by iteratively adding layers to a simple chart (flemental Figure 2) using foundational data
visualization techniques such as data and visuadings (Supplemental Figure 3), color theory
(Supplemental Figures 4 and 5), plot types and-uaiiak ratio. New visualization techniques
specifically for the big data sets used in bioinfatics are also constantly being developed and
refined. Some common bioinformatics visualization techeigjare shown in Figure 1 and are

discussed below. Code for the figures is availablettps://github.com/Rholnc/JACI-

BioinformaticsGraphics




Visualization in Allergy and Immunology

The basic techniques described above can be uggddbeffect in allergy and immunology
research. As a case study, we downloaded the pillplavailable datasets from the Oral
Immunotherapy for Treatment (OIT) of Egg Allergy@hildren studythrough the National
Institutes for Allergy and Infectious Diseases (NDAdata sharing site, ImmPort and created a
series of data visualizations using the study d&®aused the basic data visualization techniques
described above to create figures showing the a@simgcytokine levels by treatment arm
(Supplemental Figure 6) that matched the findimgsfBurke et al. showing that OIT reduces
CD63+ Basophil levels when compared to pladebata from the same study is used

throughout this report to demonstrate other vigadilbn techniques.
Dealing with Overplotting

Overlapping points, also known as overplotting,\&ey common when visualizing large data
sets (Supplemental Figure 7). Simple data transftoms (e.g. logarithmic scales) should
always be considered when visualizing data, bustamations alone don’t always resolve this
issue. Visualization techniques such as alpha bigndeducing the opacity of individual
points), jittering (adding small amounts of randeaniation to points) and binning (grouping
similar points) are useful tools for dealing withegplotting, as are visualizations using summary
statistics. Boxplots, histograms and density pbais provide an overview of univariate
distributions and bagplots (an extension of boxg)latontour plots and hexagonal binning can
summarize bivariate relationships more effectivtbbn a plot showing every data point. It can
be especially informative to combine multiple agmoes in the same graphic (Figure 1C and
Supplemental Figure 7, Panel F).

Faceting

Visualizations often need to be expanded to incladee than 2 variables of interest.
Information may be visually encoded in many way#,dnly some encodings scale well to large
data sets. For example, adding different symbotietailed annotations to a plot with thousands
of points will not accomplish much, given a largecant of data displayed. On the other hand,

expanding a chart to include multiple panels, &lsown as faceting, is generally an effective



method of incorporating multivariate data in visgation and can be used in combination with

any number of other techniques (Supplemental FiguRanel G).
Color

Color encoding is one of the most common visuabratechniques, but color can reveal
patterns when used effectively or hide them whexd ymorly. Different color palettes are
appropriate for sequential data (light colors tawIdata, dark for high data), diverging data
(light colors for mid-range data, high-contrastidemlors for low- and high-range data) and
gualitative data (colors designed to give maximusoaal difference between classes).
ColorBrewef provides a series of color palettes for all typesolor encodings, including color-
blind and photocopy friendly palettes, and sensearaexcellent entry point when selecting

colors (Supplemental Figures 4 and 5).
Scatterplot Matrices and Heat Maps

A scatterplot matrix is a two-dimensional grid shgveach possible pair of associations for a
series of variables. These matrices are flexibdéstthat work well in bioinformatics analyses.
Depending on analysis objectives, these matrice®ither be customized to incorporate diverse
statistical methodologies and visualization tecbag)(Supplemental Figure 8) or streamlined to

present thousands of comparisons in a heat mapréid3 and Supplemental Figure 9).
High-Dimensional Data

Dealing with overplotting and incorporating severatiables into a visualization using faceting
and thoughtful use of color is valuable, but idimited use in data with hundreds or thousands
of variables. Data at this scale, also known ak-ignensional data, is common in
bioinformatics analysis. These high-dimensionahgaesent complex statistical issues and
require methods that combine applied statisticscamaputer science. Novel custom data
visualizations, such as genome explotars circos diagram$showing massive numbers of
bivariate associations in a circular layout arestantly being developed and refined in

conjunction with these new methods.

Dimension reduction



Dimension reduction techniques, such as Principah@nents Analyses (PCA) or Metric
Multidimensional Scaling (MDS) can also be used=ttuce high-dimensional data to its most
salient features. The main idea of these technigputestransform the original multivariate data
into a set of new smaller dimensions, which canibealized using standard techniques. It is
important to normalize variables before using theslniques. Biplots, an exploratory
visualization allowing both samples and variabtebé displayed, are particularly useful. Points
that are close to each other represent observatihsimilar values, and highly correlated
variables point in the same direction (or oppofitenegative correlations) while uncorrelated

variables are at right angles to each other (Figlrend Supplemental Figure 10).
Network diagrams

Bioinformatics data are often represented as ndétsvéy network diagram is composed of nodes
(or vertices) representing their features and eflga$eir connections. Given the sizes and
complexity of networks, techniques that automaggr tbreation are important. For example, a
force-directed layout applies simulated attracéine repulsive physical properties to nodes and
edges to determine optimal positions for each ehktmithe visualization (Supplemental Figure
11).

Interactive Graphics

As research and communication methodologies hawedfvom paper-based to digital,
visualizations are no longer required to be staioe,limited to the constraints of print. As a
result, interactive data visualization has becormmerapelling complement to all types of static
visualization. Interactive graphics are often inmpéated in web pages that pair traditional
statistical graphics with simple graphical useeifdces that allow for real-time data exploration.
An interactive graphic that starts with a summasplady (overview) and then allows for the
removal of uninteresting items (filtering) whileciasing on data points and trends of interest
(zooming and details-on-demand) gives researcheralhility to investigate complex data with
intuitive tools™. This pattern mirrors biomedical research in gehend scales well to
bioinformatics data. Until recently specializedheical knowledge was needed to configure
interactive graphics for bioinformatics data, bwny standalone packages that provide simple

ways to configure and share sophisticated intaragjtaphics have been released in recent years,



significantly lowering the bar for entry (Supplenedrirable 1). Many compelling medical
journals increasingly encourage the developmemtedf-only, online supplemental material in
parallel with traditional manuscripts.

Conclusion

Bioinformatics data is too complex and nuancecetp on one-size-fits-all visualization
solution, but a set of foundational tools and teghes is rapidly emerging (Supplemental Table
1). Creating informative visual representationgioinformatics data requires a well-rounded
approach that combines foundational data visuaizadrincipals, custom visualizations created
for specific biologic processes, and new visualtratechniques merging traditional statistical
principles with emerging technology



Figure 1 —Bioinformatics graphics for Allergy and Clinidahmunology including a paneled
plot with multiple enhancements (Panel A), a heap rfiPanel B), a contour plot showing flow
cytometry results (Panel C) and the results optirecipal component analysis (Panel D).
Additional details for each panel are providedhe bnline supplement (See supplemental
figures 6, 9, 7, and 10 for panels A, B, C, andd3pectively). All graphics use publically
available data from Burks et al. Source code aadae at https://github.com/Rholnc/JACI-

BioinformaticsGraphics.

A. Clinical Comparison
B. Heat map
C. Cytometry data with contours

D. Principal Component Analysis (PCA)
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Supplemental Figure 1: Data table and paneled scait plot for Anscombe’s quartet. Anscombe’s quartétcreated by statistician Francis
Anscombe, demonstrates the value of visualizing gtdemonstrating how four very different datdribsitions can have the same descriptive
statistics (mean, variance and correlation). Sooocke available here.

A. Table B. Scatterplot Figure
1

X Y X Y X Y X Y

10.0  8.04 | 10.0  9.14 ] 10.0 7.46 8.0 6.58
8.0 6.95 8.0 8.14 8.0 6.77 8.0 5.76
13.0 758 | 13.0 874 | 13.0 12.74| 8.0 7.71
9.0 8.81 9.0 8.77 9.0 7.11 8.0 8.84
11.0 833 | 11.0 926 ] 11.0 7.81 8.0 8.47
140 996 | 140 8.10 | 140 8.84 8.0 7.04
6.0 7.24 6.0 6.13 6.0 6.08 8.0 5.25
4.0 4.26 4.0 3.10 4.0 539 | 19.0 | 12.50
12.0  10.84| 12.0 @ 9.13 | 120 8.15 8.0 5.56
7.0 4.82 7.0 7.26 7.0 6.42 8.0 7.91
5.0 5.68 5.0 4.74 5.0 5.73 8.0 6.89




Supplemental Figure 2: Sample workflow for visualimg bioinformatics data. It can be challenging to
separate signal from noise when working with bioinfatics big data. There is no one-size-fits-dllison, so
we use an iterative process, guided by both clirigpertise and data visualization best practitesreate
informative data visualizatiofs’. Generally speaking, we start with very simplessiizations of the raw data
(Step 1) and then layer on appropriate visual eingsdand data transformations to better highlightdres of
the data that are not immediately apparent in largeformatics data sets (Step 2). We may then add
additional data dimensions via a group-wise congpar(Step 3) or add annotations highlighting thetmo
relevant features of the data (Step 4). Finallgjtemhal data dimensions can be incorporated vattefing
(Step 5) or via interactive data visualization (58¢. Here we show the step-by-step evolution gifaghic,
from the initial simple univariate dot plot to angplex set of multi-panel histograms. The authorseha
published many displays in JACI using this prodéek) and the remaining figures in this online plgment
were created using a similar process. Source andééd figures below and additional step-by-stegneples
are available here.



Supplemental Figure 3: Overview of visual encodingior data. These displays provide an overview of the waya dah be encoded in a data
visualization. Panel A describes some of the mostrnon ways to encode information visually, and PBrghows the relative strength of each
encoding for quantitative (i.e. length — 160 cnmiiival (i..e: quality of meat - grade A, AA, AAA,). and nominal (i.e: fruits - apples, orange}data
domains. Displays are from Nathan Yauia Lucy Park? and are based on research from Clevefantilkinson®, Bertin'®> and others.

A. Data Encoding B. Visual encodings by data type



Supplemental Figure 4: Color Brewer palettes for déctive color selectionColor Brewet® provides optimized color palettes for data
visualization. Sequential Palettes are optimizedfdered data that progress from low to high. tnglss steps dominate the look of these schemes,
with light colors for low data values to dark cador high data values. Qualitative Palettes dampty magnitude differences between legend
classes, and hues are used to create the prinsgi differences between classes. Qualitative sebemre best suited to representing nominal or
categorical data. Diverging palettes put equal easghon mid-range critical values and extreme®tt énds of the data range. The critical class or
break in the middle of the legend is emphasized Wght colors and low and high extremes are emighdswith dark colors that have contrasting
hues. Source code available here.

A. Sequential palettes B. Qualitative palettes C. Diverging palettes



Supplemental Figure 5 - An Interactive Color Brewerpalettes explorer tool.This interactive tool from the
R tmaptools packadécan adjust the number of colors and their cont@elected palettes can be tested for
different types of color blindness including deataspia (reduced the sensitivity to green light, st
common), protanopia (reduces the sensitivity tolight) and tritanopia (reduced sensitivity to blight,
extremely rare). Overall, color blindness affeds & men and 0.5% of women. Source code availadre.h



Supplemental Figure 6: Visualization Case Study foOral Immunotherapy. This series of visualizations
demonstrates the step-wise process for visualidatg related to allergy and clinical immunologye™eries
uses publicly available CD63+ Basophils (%) datenfthe Oral Immunotherapy for Treatment (OIT) ofEg
Allergy in Childrert®. Panel A shows the different level of CD63+ Bastspl#6) for 0.1 ug of egg extract. Here
we plot all the data but avoid overplotting of midual points by moving them horizontally. Furthema, we
facilitate the interpretation of results by addimgan lines and using different panels for eachrtreat arm.
Panel B adds lines connecting the paired datadchn participant (baseline and month 10 visit) there
stressing the changes in outcome within each arhilevihe overall trend towards decreased CD63én th
treatment arm is still clear, the lines show thégva participants in the Egg OIT arm had their eglincrease
after treatment as seen by the positive slopesadgecannotations are an important layer in anyt,clvaradded
the means for each group at each time point anddliference with 95% confidence interval. Finaltire
panels are shaded based on the statistical signdecof the group comparison, with darker cellsceithg
lower p-values. Panel C adds an additional dimen&idhe chart by showing additional panels foreoth
concentrations. When working with multidimensiodata, we suggest using the lattice framewarBy using
the same axes between all the panels, it becorsgd@®aompare the results of the treatment witfecbht
extracts. Clearly, the treatment is significanbasrall the extracts, but the effect is smallethalowest
concentration (difference of 4%). Source code foligures available here.

A.

B.



Supplemental Figure 7 - Methods for Addressing Ovealotting using Egg Oral Immunotherapy data.
Overplotting occurs when elements of a figure aesvd on top of each other. Here we look at flowoayetry
data from the OIT Egg trafl Panel A presents a scatterplot of 225,000 peiiitsno transformation.
Overplotting remains an issue even after transftomgPanel B). Reducing the opacity of the po{alpha
blending, Panel C) and inserting marginal distiiimg using a histogram (Panel D) address the isg#the
varying degrees of success. However, binning (gnaughe points in to hexagons) the raw data (P&Eheind
contour plots (Panel F) more clearly show the uydey bivariate distribution. Finally, we comparteeteffect
of the OIT intervention over time for 2 participanising multiple panels in the lattice framewor&r{él G).
Although there are different profiles at baselioethe two participants, there is a clear changblertreated
participant while no change was observed in thegtia participant. Source Code for all figures igilable
here.



D. Scatterplot w/ marginal distributions

F.
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Supplemental Figure 8 - Sample Scatterplot Matrix wh Egg Oral Immunotherapy data. Scatterplot
matrix visualizations show a series of pairwisatiehships that can be customized to meet many @mm
needs in bioinformatics research. Details and cogtoalyses can be incorporated into each panesoh#trix
to give a detailed description; furthermore, thag be arranged by ordering the variables accorgliogheir
associations. The figure below illustrates thisrapph using the Egg Otfmechanistic data at baseline. We
highlight the correlations and 95% CI between \@esa (upper triangle, bold for those with statwstic
significance), marginal distributions using a kémhensity plots (diagonal blue lines) to visualihe
distribution of the variable over a continuous g, and scatterplots with LOESS (Local Polynomial
Regression) regression (lower triangle red lines)aaded to each panel. We also order columnstfarsdalso
the associated rows) of the display according éactirrelation between the variables (variables siitbnger
correlations will appear next to each other) bygs hierarchical clustering approach and inclbee t
associated dendrogram (showing in the top margitfe figure. The source code is available here.



Supplemental Figure 9: Sample Heatmap with Egg Oralmmunotherapy data. This figure shows a
heatmap’ ?°using the Egg O mechanistic data at Month 10. The heat map shoevd participants and 6
variables. We have heavily annotated the figuregiaisequential color scale, the treatment grodgizen
outcome of the egg food challenge. Furthermorehawe added the marginal distributions of each bgia
using a boxplot and reorganized the columns and msing a hierarchical cluster analysis so thaigyaants
and variables that are most similar are closestth@y. The results of these clusters are annoteied
marginal dendrograms. Cluster three is of particulgrest; it shows a group of 5 placebo partisipand 1
OIT participant with a positive egg challenge, atrdng responses to the mechanistic measuremerds. T
source code is available here.



Supplemental Figure 10 — Demonstration of DimensioReduction Techniques with Egg Oral
Immunotherapy data. Principal Component Analysis (PCA) is a multivégisechnique that summarizes
systematic patterns of variation in the datn bioinformatics data, where large numbers ofaldes are
measured, PCA is used to simplify complex datasgeteducing the number of dimensions measured. This
dimension reduction helps to reveal the most sefifnctures in both observations and variable#\ B€hieves
this by transforming the observed variables ingeteof new variables, the principal components JP@isich
are uncorrelated and explain the variation in thi@askt. This example shows PCA results of CD63-biats
collected at the 10 Month visit in the egg OIT sttidThe display shows the relationship of two PCst(pH

on the x and y-axis) with two different data donsaiRirst, the relationship between the PCs angbahicipants
(points) and treatment groups (circles) is showre positions of the circles show that the partictpan the
Egg OIT group clustered more closely together, @sfig for the first principle component. The sedatomain
shows the variables used to calculate the PCsailrbe/s (also known as eigenvectors) representdhiable
used to calculate the PCs. The length and directithe arrows represent the strength of the aiatip
between a given variable and the PCs. The lengtiesents the magnitude of the relationship whige th
direction indicates to what degree the variableliated to each PC. Arrows for correlated variableseither
side-by-side or diametrically opposed (for negatiggelations) while the arrows for independentataes
form right angles. In our example, the patternexgfression of CD63 appeared to be similar in afjiG& 0.1
mcg/ml Egg in contrast to those IL-3 and to a ledegree 0.01 & 0.001 mcg/mg Egg. The source c®de i
available here.



Supplemental Figure 11 - Network DiagramNetwork diagrams are useful for visualizing manynocoon
bioinformatics data types (e.g. metabolic, proteteraction and gene regulatory networks). Thiswgxa
shows a network analysis of cytokine-by-stimulaatiadneasured longitudinally from the Urban Envirenin
and Childhood Asthma (URECA) studyThe map uses the correlation matrix among theva6ibles as the
proximity matrix to create the network. More higlaigrrelated variables are closer to each othemeGions
greater than 0.26 ($5percentile) in absolute value are representedhieg. The age at which the cytokine
responses were assessed is color-coded. The smaeds available here.



Supplemental Figure 12 - Examples of Interactive \dualization for Bioinformatics data. An interactive
visualization is a powerful approach for explortriginformatics big data with wide-ranging applicets. New
open frameworks for web-based interactive dataalizatiort>2° facilitate linked displays that allow users to
zoom into points of special interest, which isra@e, but powerful technique. Many interactive akzation
libraries targeting specific questions relateditriformatics have been created in recent yeactding the
two shown below used for visualizing and explorygmne expression data. Panel A shows an interadzitee
explorer created using the Glimma R packagEhe right panel shows a volcano plot summarigxgression
data for a selected gene by showing posterior otldgferential expression vs. log Fold Changeckihg a
point shows the raw sample data for a single geriesi panel to the left. The table beneath thedplshows
additional summary information and allows the usesearch for a particular gene. Panel B showsaps$ot of
a visualization created using the Degust R pacKBlgat web-based tool allows users to visualizeexpdore
RNA-seq differential gene-expression datZhe tool provides several types of visualizafjoarallel
coordinate, Mean-Average, MDS plot and heat mayjas) built-in interactive features including reatrg

filters and access to linked Kegg pathway analf@egenes of interest.

A.

B.



Supplemental Table 1: Visualization R packages thawve frequently used during our analyses

Package Title Description Author Learn More
A powerful and elegant high-level data visualizatgystem Lattice: Multivariate Data Visualization
lattice Trellis Graphics for R inspired by Trellis graphics, with an emphasis aritivariate data. Deepayan Sarkar with R - Figures and Code

Lattice is sufficient for typical graphics needsgdas also flexible
enough to handle most nonstandard requirements.

http://Imdvr.r-forge.r-
project.org/figures/figures.html

latticeExtra

Extra Graphical
Utilities Based on
Lattice

Building on the infrastructure provided by theilztpackage, this
package provides several new high-level functiordsraethods, ag
well as additional utilities such as panel and axisotation
functions.

" Felix Andrews

http://latticeextra.r-forge.r-projemiy/

RColorBrewer

ColorBrewer Palettes

Provides color schemes for maps (and other graptiesgned by
Cynthia Brewer

Erich Neuwirth

http://colorbrewer2.org

Carries out mapping between assorted color spacksling
RGB, HSV, HLS, CIEXYZ, CIELUV, HCL (polar CIELUV),

https://cran.r-

net

colorspace ﬁ(;lr(])ir ﬁlg%%i CIELAB and polar CIELAB. Qualitative, sequentiahdadiverging| Achim Zeileis project.org/web/packages/colorspace/vig
P color palettes based on HCL colors are providedgieith an tes/hcl-colors.pdf
interactive palette picker (with either a Tcl/Tkashiny GUI)
dichromat Color Schemes for Collapse red-green or green-blue distinctionsrnwukite the Thomas Lumle
Dichromats effects of different types of color-blindness Y
A system for 'declaratively’ creating graphics,dzben "The
\c/:ir:l?;ﬁsilt(iec?r?snbts)?]ta Grammar of Graphics". You provide the data, teplgt2' how to
ggplot2 the Grammar of 9 map variables to aesthetics, what graphical prstito use, and it Hadley Wickham http://ggplot2.tidyverse.org/
Graphics takes care of the details.
Scale Functions for Graphical scales map data to aesthetics, and govethods for . e
scales Visualization automatically determining breaks and labels forseased legends. Hadley Wickham https://github.com/hadley/scales
Add Marginal . . .
- . .| Collection of functions and layers to enhance ‘gl The main e .
ggExtra Hlstogramls to ggpl)lotz function is ggMarginal(), which can be used to atktginal Dean Attali httpts.//qnhub.com/ daattah/qu?(tra
and More 'ggplot2 hi Iboxplots/density ol ‘aaplot?" http://lwww.ggplot2-exts.org/ggiraph.html
Enhancements istograms/boxplots/density plots to 'ggplot2’ sratots.
Data Visualization Unified plotting tools for statistics commonly usedich as GLM,
ggfortify Tools for Statistical tlmeksenesf% RCA famllllesl, clgstgrlng fand ?ur\éqmaali/s[s. The | Masaaki Horikoshi https://github.com/sinhrks/gdifiyr
Analysis Results package offers a single plotting interface for ehasalysis results
and plots in a unified style using 'ggplot2'.
Easily translate 'ggplot2' graphs to an interactved-based
Create Interactive Web version and/or create custom web-based visualizatirectly
plotly Graphics via lotly.is' from R. Once uploaded to a 'plotly' account, 'glataphs (and Carson Sievert https://plot.ly/r/
P plotly) the data behind them) can be viewed and modifiedvireb
browser
Graph Plotting . . .
ggraph Methods, Psychometrig Can be used to visualize data as networks as wellavides an Sacha Epskamp http://sachaepskamp.com/qgraph

Data Visualization and

interface for visualizing weighted graphical models




Package Title Description Author Learn More
Graphical Model
Estimation
https://github.com/edzer/hexbin
hexbin Hexagonal Binning Binning and plotting functions for hexagonal biNgw uses and Edzer Pebesma https://cran.r-
Routines relies on grid graphics and formal (S4) classesmethods. project.org/web/packages/hexbin/vignettes/
hexagon_binning.pdf
An extensible framework for automatically placirigedt labels
onto multicolor 'lattice' or 'ggplot2' plots. Lak@bsitions are
directlabels Direct Labels for described using Positioning Methods which can besesl across | Toby Dylan http:/directlabels.r-forge.r-project.org/
Multicolor Plots several different plots. There are heuristics f@amaining "trellis" | Hocking ’ ’ ' ’
and "ggplot" objects and inferring an appropriadsifoning
Method.
Complex heatmaps are efficient to visualize assiocia between https://github.com/jokergoo/ComplexHea
make complex iff t f data sets and reveal potestiiattures. Here map
ComplexHeatmd heatmaps as well as selfdI erent sources o . POt W https://academic.oup.com/bioinformatics/ar
D define annotation the ComplexHeatmap package provides a h|ghly_ ﬂemtay to Zuguang Gu ticle-
graphics arrange multiple heatmaps and supports self-defamedtation abstract/32/18/2847/1743594/Complex-
graphics. h )
eatmaps-reveal-patterns-and-correlations
Offers a set of functions for extending 'dendrodrabjects in R,
Extending letting you visualize and compare trees of 'hidrimal clusterings'.
dendextend ‘Dendrogram’ You can (1) Adjust a tree's graphical parameténg <olor, size, | Tal Galili https://github.com/talgalili/dendextend
Functionality in R type, etc of its branches, nodes and labels. (&)atly and
statistically compare different ‘dendrograms' te another.
Calculates correlation of variables and displagsrédsults
corrgram Plot a Correlogram graphically. Included panel functions can displaings, shading, | Kevin Wright https://github.com/kwstat/corrgram
ellipses, and correlation values with confidenderivals.
https://cran.r-
scatterplot3d 3D Scatter Plot Plots a three dinoerasi(3D) point cloud. Uwe Ligges project.org/web/packages/scatterplot3d/vig
nettes/s3d.pdf
Makes it incredibly easy to build interactive wegiphbcations with
. Web Application R. Automatic "reactive" binding between inputs autiputs and . s .
shiny Framework for R extensive prebuilt widgets make it possible todbbieautiful, Winston Chang http://shiny.rstudio.com
responsive, and powerful applications with miniratibrt.
Trelliscope is a scalable, flexible, interactivepegach to
visualizing data. The trelliscopejs R package piesimethods thdt
Create and Navigate | make it easy to create a Trelliscope display sjpatibn for the
trelliscopejs Large Multi-Panel Trelliscope JavaScript library trelliscopejs-libigH-level Ryan Hafen https://github.com/hafen/trelliscopejs
Visual Displays functions are provided for creating displays froithvia dplyr
(via summarise()) or ggplot2 (via facet_trelliscOpevorkflows.
Low-level functions are also provided for creatimeyv interfaces.
Tools for creating D3 | This packages is intended to make it easy to ci@atdavaScript . . . . .
d3Network JavaScript network, network, tree, dendrogram, and Sankey graphs framifiyy data ggrr:ztr?]%her E:E.I/Chnstophergandrud.glthub.lo/d3Netw

tree, dendrogram, and

frame




Package Title Description Author Learn More

Sankey graphs from R
. Create interactive heat maps that are usable faenRRtconsole, in https://github.com/rstudio/d3heatmaphttp

Interactive Heat Maps , L -, : .

d3heatmap Using 'htmiwidgets’ anc the_ RStudio' viewer pane, in 'R M_arkdown docuragand in- Joe Cheng /cra_m.r- _
D3.is' 'Shiny' apps. Hover the mouse pointer over a ogdhbw details, project.org/web/packages/d3heatmap/vigne

) drag a rectangle to zoom, and click row/column el highlight. ttes/Introduction.html
. .| Creates an interactive scatterplot matrix usingdBelavaScript s .
pairsD3 D3 Scatterplot Matr'ceslibrary. See <http://d3js.org/> for more information D3 Garth Tarr https://github.com/garthtarr/pairsD3/
scatterD3 D3 JavaScript Creates 'D3' 'JavaScript' scatterplots from 'Rhiteractive Julien Barnier https://github.com/juba/scatterD3

Scatterplot from R

features : panning, zooming, tooltips, etc.

DiagrammeR

Create Graph Diagram
and Flowcharts Using F

5

R

Create graph diagrams and flowcharts using R.

Rictemnone

http://rich-iannone.github.io/Diagramme

A

A simple and flexible way to generate Circos 2zkrplot images
for genomic data visualization is implemented iis frackage. The
types of plots include: heatmap, histogram, lisestterplot, tiles

https://cran.r-

project.org/web/packages/RCircos/vignette

at
A7

5/

M

~

/b

RCircos Circos 2D Track Plot and plot items for further decorations include aaztor, link (lines Hongen Zhang _s/Us[nq RClrcos.pdfhttps:.//bmcblomform
. ; ; ics.biomedcentral.com/articles/10.1186/1
and ribbons), and text (gene) label. All functioeguire only R
. : ; ; 1-2105-14-244
graphics package that comes with R base instatlatio
https://cran.r-
An improved heatmap package. Completely compatifitte the project.org/web/packages/heatmap3/vignett
An Improved Heatmap| . . S . . - -
heatmap3 original R function 'heatmap’, and provides morevgdul and Shilin Zhao es/vignette.pdf
Package . - it . :
convenient features. https://bmcbioinformatics.biomedcentral.g
m/articles/10.1186/1471-2105-15-S10-P1
If possible, generates exactly area-proportiondiEdiagrams, or
. | otherwise approximately proportional diagrams usinmerical https://cran.r-
Area-Proportional Eule S . . o . .
eulerr Diagrams optimization. A Euler diagram is a generalizatidrad/enn Johan Larsson project.org/web/packages/eulerr/vignette
9 diagram, relaxing the criterion that all interaosmeed to be ntroduction.html
represented.
A More Scalable https://cran.r-
Alternative to Venn and Creates visualizations of intersecting sets usingwvel matrix project.org/web/packages/UpSetR/READ
UpSetR Euler Diagrams for design, along with visualizations of several comreen element | Jake Conway E.html
Visualizing Intersecting| and attribute related tasks http://biorxiv.org/content/early/2017/03/25
Sets 120600
An interactive web tool
for visualizing Take the time to digest and appreciate your Diffeat Gene . http://victorian-bioinformatics-
Degust i i : David R. Powell O
Differential Gene Expression data consortium.github.io/degust/
Expression data
This package generates interactive visualisationarfalysis of
smteractive HTML RNA-sequencing data using output from limma, edgeRESeq2 https://bioconductor.org/packages/releas
Glimma packages in an HTML page. The interactions ard buitop of the| Shian Su ioc/html/Glimma.html

graphics

popular static representations of analysis regultsder to provide

additional information.

https://github.com/Shians/Glimma
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Position
Where in space the datais

Direction
Slope of a vectorin space

=
/

Volume
How much 3-D space

’.

FIGURE 3-3 Visual cues

Length
How long the shapes are

Shapes
Symbols as categories

Color saturation
Intensity of a color hue

Angle
Rotation between vectors

Area
How much 2-D space

Color hue
Usually referred to as color
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Transformation: alpha blending
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Annotation: Marainal Densities
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Transformation: Contours
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