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Data/Information Visualization -4
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B Exploiting the human visual system to extract information from data.
B Provides an overview of complex data sets.

O {jdentifies structure, patterns, trends, anomalies, and relationships in
ata.

B Assists in identifying the areas of interest.

[Visualization = Graphing for Data + Fitting + Graphing for Model J




Why Data Visualization?

®m tis notabout "infographics”, the beautiful, heavily customized products of expert graphic
designers.

®m Data visualization can provide clear understanding of patterns in data, detect hidden structures in
data, condense information.

B Anscombe's quartet comprises four datasets. They were constructed in 1973 by the statistician
Francis Anscombe to demonstrate both the importance of graphing data before analyzing it and
the effect of outliers on statistical properties.

B Four datasets have nearly identical simple statistical properties, yet appear very different when

graphed.
I i i v : )
[ = 5 p 5 . 5 p 5 Mean of x in each case: 9 (exact)
1 10] 804 10] 914 10 746 s] 6353 Sample variance of x in each case: 11 (exact)
2 8| 695 s 814 8| 677 8| 5.76
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4 o]  ss1 o] 877 o] 711 s ss4 Mean of yin each case: 7.50 (to 2 decimal places)
5 11| 833 11] 926 1] 781 8| 847 - : :
: TIREEYY TR, IRrYY -, Sample variance of y in each case: 4.122 or
7 6|  7.24 6| 613 6| 608 s| s2s| 4.127 (to 3 decimal places)
8 1] 426 1 3.1 4] 539 19| 123
9 12| 10.84 12] 913 12| 815 8| 5.56 . _
10 7| 482 7 726 7 642 s] 791 Correlation between x and y in each case:
11 5] 5.68 5 474 5] 573 1 689 (0.816 (to 3 decimal places)
Linear regression line in each case: y = 3.00 +
https://en.wikipedia.org/wiki/Anscombe's_quartet 0.500x (to 2 and 3 decimal places, respectively)

http://ryanwomack.com/IASSIST/DataViz/
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Anscombe's Quartet 5176

Mean of x in each case: 9 (exact)

Sample variance of x in each case: 11 (exact)

Mean of y in each case: 7.50 (to 2 decimal places)

Sample variance of y in each case: 4.122 or 4.127 (to 3 decimal places)

Correlation between x and y in each case: 0.816 (to 3 decimal places)

Linear regression line in each case: y = 3.00 + 0.500x (to 2 and 3 decimal places, respectively)




The Datasaurus Dozen

install .packages(''datasauRus"')
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Justin Matejka and George Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied

Appearance and Identical Statistics through Simulated Annealing.
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Heatmaps ‘8176

Without ordering
Samples/
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e min: -7.07
Ordering/Seriation/
m Heatmaps represent two-dimensional tables of Clustering
numbers as shades of colors. e
2.81
® The dense and intuitive display makes heatmaps !
well-suited for presentation of high-throughput 00
data. o
-2.37
. -4.0
® Heatmaps rely fundamentally on color encoding min: 7.07

and on meaningful reordering of the rows and
columns.




Deng W, Wang Y, Liu Z, Cheng H, Xue Y (2014) Heml: a toolkit for
illustrating heatmaps. PLoS ONE 9(11): e111988.

Table 1. Using frequency of heatmap.
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Journal Num. of papers Num. of heatmaps? Per.?

Nature Biotechnology 81 19 23.46%
Cancer Cell 106 40 37.74%
Genome Research 144 58 40.28%
Genome Biology 92 26 28.26%
Molecular & Cellular Proteomics 241 59 24.48%

journals as below.

Bper,, the percentiles.

doi:10.1371/journal.pone.0111988.t001

Table 2. The summarization of the metf

journals.

Tools” Num.”
R 31
Java Treeview 16
MATLAB 7

SPSS 4
GeneSpring 2

Num. of Heatmaps, the number of papers containing with at least one heatmap figure;

Tools?

MultiExperiment Viewer
Cytobank

Heatmap Builder

Integrative Genomics Viewer
Matrix2png

Mayday

Processing

N/A?

Total

134
202

To estimate how many papers contain heatmaps, we went through all original research papers (excluding reviews and other articles) published in 2012 of five leading




Search "heatmap” (title/abstract)
In the academic databases

Heatmaps researches/applications
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Biochemical Research Methods
Biotechnology Applied Microbiology
Multidisciplinary Sciences

Biochemistry Molecular Biology
Mathematical Computational Biology
Computer Science Interdisciplinary Applications
Chemistry Analytical

Genetics Heredity

Statistics Probability

Environmental Sciences

Oncology

Pharmacology Pharmacy

Microbiology

Plant Sciences

Chemistry Multidisciplinary

Computer Science Information Systems
Computer Science Software Engineering
Computer Science Artificial Intelligence
Engineering Electrical Electronic

Cell Biology

Top 20 Areas (Web of Science)

| 152

| 13

| 115

| 110

174

| |
100 150

MNumbers of articles

200




(1) The Basic Principles of Matrix Visualization

12/76

Presentation of Raw/Proximity Data Matrix

m Data Transformation

m Selection of Proximity Measures
m Color Spectrum

m Display Condition




Psychosis Disorder Data (chen 2002

%)% ( Hallucinations (AH1-6) ) Scale for Assessment
S of Positive Symptoms
{7y ( Behavior (BE14) ) (SAPS): 30 items,

4 subgroups.
%48 ( Delusions (DL1-12) group
Thought disorder (TH1-8) E%fa%ﬂ?ﬂj(
TRHBEE
EEXF Y

The Andreasen’s Positive and
Negative Symptom Table
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'Presentation of Raw Data Matrix: Psychosis -
Disorder Data 14/76

(1) Selection of Proximity Measures

Correlation Matrix
for Variables Pearson Correlation Coefficient

(2) Color Spectrum

Scores
|
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Raw Data Matrix (3) Range Matrix Condition




Selection of Proximity Measures

Correlation
[ . .
-1 0 1

Proximity Matrix for Columns
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Pearson Correlation Coefficient
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The Fundamentals of Constructing and Interpreting
Heat Maps

Nathaniel M. Vacanti

Sarah-Maria Fendt and Sophia Y. Lunt (eds.), Metabolic Signaling: Methods and Protocols, Methods in
Molecular Biology, vol. 1862, pp279-291.
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Fig. 6 Heat maps displaying the relative quantified phosphoproteome of HelLa cells under the specified

Fig. 5 An illustration of applying Euclidian distance and correlation-based
distance methods. Values are fictional and provided for illustrative purposes

conditions. Each column corresponds to a sample of Hela cells and each row to a phosphorylated protein.
Applied distance methods are provided above the respective heat maps. Complete linkage is applied. Values
are normalized to untreated and log, transformed as described in [2]




Color Spectra

Expression Correlation
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Display Conditions 18/76

max 440
|—| 440

ary

range column condition
range row condition
center column condition
center row condition

Gene Expression

no differential Up-
expressed regulated

Down-
regulated

Rank Matrix Condition
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H -3.58
min; -3.58

Range Matrix Condition Center Matrix Condition




(2) The Basic Principles of Matrix Visualization 19/76

Seriation of Proximity Matrices and
Raw Data Matrix

m Relativity of a Statistical Graph

m Global Criterion
m Anti-Robinson Measurements
m GAP Rank-Two Elliptical Seriation

m Local Criterion
m Minimal Span Loss Function
m Tree Seriation
m Flipping of Tree Intermediate Nodes




Placing similar objects at closer positions.
Placing different objects at distant positions.
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Relativity of a Statistical Graph

Placing similar (different) objects at closer (distant) positions

Without suitable permutations (orderings) of the variables and samples, matrix
visualization is of no practical use in visually extracting information.

Ordering

Correlation

L _
-1

Log Ratio

_
-2.0

Distance

| i
Order1ng>

0




Criteria for a good Permutation

=

e,
2276
Global criterion:

Anti-Robinson Measurements

AR(i)

= Z [ Z I(dij < d.fj;‘:) + Z I(d,‘,j > d.,:k)]:
AR(s) =

=2

AR(w) =3[ 32 1(dij <di)lj—klldig —diul+ 3" (diy>d) |kl —die]].
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=
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Robinson pre-Robinson

When T is symmetric, we usually want T’ to

approximate a Robinson form (Robinson (1951)).

dij>diy fi<ij<k

dij<di ifj<k<i,

Local criterion:
Minimal Span Loss Function
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Different Seriations Generated from &
Identical Tree Structure 23176

Tree seriation Tree seriation for proximity matrices

ABCDE B A CE B A N - = F

Tree seriation for raw data matrices

ideal many
model 1 flip 3 flips 5 flips flips

:ﬁ
e




Tien, Y. ), Lee, Y. S, Wu, H. M. and Chen, C. H.* (2008), Methods for ﬁ
Simultaneously Identifying Coherent Local Clusters with Smooth Global Ve

Patterns in Gene Expression Profiles. BMC Bioinformatics 9:155, 1-16. 24176
Data: 517 genes by 13 arrays

GAP Rank-two elliptical seriation Michael Eisen (1998) tree seriation
time time

Image source: Dr. Chen Chun-houh’s slide




Literature review (1) 25176

ATO[ETDYE

Concept: e oy g
B Bertin (1967): reorderable matrix, Se--eOe i ms
B Carmichael and Sneath (1969): taxometric maps.  —— "
e ey

Clustering of data arrays: T H—I—ZI
®m Hartigan (1972): direct clustering of a data matrix.
®m Tibshirani (1999): block clustering. i
B Lenstra (1974): traveling-salesman problemz=T75 7
B Slagle et al (1975): shortest spanning path. = | &= 702

i R
Colour Representation: AR TR
B Wegman (1990): colour histogram. R e RS
B Minnotte and West (1998): data image. 5 el

B Marchette and Solka (2003): outlier detection.




Literature review (2)

Exploring proximity matrices only:
B Ling (1973): shaded correlation matrix. :
B Murdoch and Chow (1996): elliptical glyphs. . o 50"
® Friendly (2002): corrgrams. PR

) NORM00
O NOR/MHR

ADR/100
- SYS
** ADR/TOT |
.~ TOTHOO ¢
= TOT/HR ¢

~ NOR/0D !
ii  NORMR !

Integration of raw data matrix with two proximity
matrices =

® Chen (1996, 1999, and 2002):
generalized association plots (GAP).

Reordering of variables and samples
®m Chen (2002): concept of relativity of a statistical graph.

®m Friendly and Kwan (2003): effect ordering of data displays.

m Hurley (2004): placing interesting displays in prominent positions.

Matrix Visualization (MV): reorderable matrix, the heatmap, color
histogram, data image and matrix visualization.




Generalized Association Plots (GAP)
(Chen, 2002) 27176

/~ Four Steps of Generalized Association Plots (GAP)

_§

>

Clustermg Suxmmarizatign
(1) (2) (3) (4)
Presentation Seriation Partition Sufficient
E=t7) PER 57 El] fivan




HEATMAPS | B

MGA Workshop III: Multiscale Structures in the Analysis of High-Dimensional Data
Leland Wilkinson October 25-29, 2004 28/ 76

SPSS Inc. UCLA
Northwestern University

What kind of data have simple permutations?
Simplex Band Circumplex Equi Block

ST T AN
S s
v Jr-. "?"5

These five patterns occur frequently in scientific datasets. Above each matrix is a heatmap
of the covariance matrix on the columns (red for negative correlations, black for zero,
green for positive). All except Block are (within error) topologically one-dimensonal.
Simplex maps to a spiral, band maps to a line, Circumplex maps to a circle, and Equi maps
to a line. Block is two-dimensional.




REVIEW

Innar Liiv*

Seriation and Matrix Reordering Methods: An Historical Overview

s

29/76

Statistical Analysis and Data Mining, Vol. 3 (2010)

Department of Informatics, Tallinn University of Technology, Tallinn, Estonia

Burbidge

Robinson Sokal _
Archaeology || Biology | | Manufacturing||Hartigan
1951 1963 Kend 1 971 Statistics
B 4 all
i : algorithms ~
1909 1946 1967 1969 1972 _— Kl
Czekanowski| Forsyth&Katz Bertin McCormick Sinvaii DA
Anthropology Socrology Cartography Op.research y
' :E L Marcotorchino |-1987
: “ - Unified approach|.1991
% e s 1992 - Data mining
U0 Biclustermg 1999 19?6
EEEEEEEREER — }
Liiv Chen et al. Siirtola Berry et al. A
Unified view GAP Visualization|| Information retrieval 3




Applications:
Other types of MV

Heat Map (Old, very old)

7~ WINTER
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Geography’s not a bad way to order the world. Aggregating over states, however, makes

g
e

less sense for temperature than for electoral college data!

Treemap (Schneiderman, 1992)
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Applications:

Binning Technique

B Binning is a technique of data aggregation used for grouping a dataset of N
values into less than N discrete groups.

m the XY plane is uniformly tiled with polygons (squares, rectangles or hexagons).
®m the number of points falling in each bin (tile) are counted and stored in a data structure.

®m the bins with count > 0 are plotted using a color range (heatmap) or varying their size in
proportion to the count.

http://www.meccanismocomplesso.org/en/hexagonal-binning/

hexagonal heatmap in R
https://www.visualcinnamon.com/2013/11/how-to-create-hexagonal-heatmap-in-r




Applications:
U-matrix: Unified Matrix Method

(Ultsch and Siemon 1989, Ultsch 1993)

U-matrix representation of SOM ¢« v 2l . .
visualizes the distance between the
neurons. The distance between the
adjacent neurons is calculated and
presented with different colorings I
between the adjacent nodes.

U-matrix representation of the SOM
] ] ] ] ]
L] L L] L] L]
[] D [] D [] b(x,y): matrix of neurons, of size n, x .
w;(x,y): matrix of weights.
u(x,y): U-matrix of size (2n, — 1) x (2n, — 1).
ey e TR s IO o BN (,9) (2mz = 1) > (2my = 1)
L] L] I_Jd le “ )I_J
o) v d.(z,y): |b(z,y) —blx + 1,y)| = \/21—[?1»‘1'(3?:’3}) —w;(x+ 1,y)?
1 O [ [0 [ dy(z,y): bz, y) — b(z,y + D] = /Zi[wi(z,y) —wi(z,y + 1)]?
By dgplon) oy (2, y): %[Ilb{ray}—5%+17y+1}ll + ||5{='-‘,1:+1}\72f{m+17y}||}
e — — — — d,(z,y): the median of the surrounding elements.
L | L] L] | L |




Applications: =
Array Image

Blocks:

12 by 4 ILinear vl
ICenter vl

Features: max: 7.16

18 by 18 max: 15552.0 Yy

15652
_ 14734 25

Signal

16-bit 13097 206

0~65535

11480 142

9523 n.7/g
3186 0.16
B543 -0.47
4312

3274

-1.74
1638
237
1
rin: 1.0 301




E GAP v0.2: A Visual Environment for Data Analysis
File ‘“iew Data GAP  Graph Configure Help  ArrayTool  ArrayTool

w| (e Nl ffind... ~] w5

Array Image Viewer: tom4-1(550)_532.gpr

|t0m4—1(550)_532.gpr|v||F532Median|vH Category H O || < ||

Array Image Flate Image rMAF‘Iot rBoxF‘Int rQuaIiwCUntrol |

Flate File ;
0l 04 07 10 13 18 19 22 25 28 31 34 1
|_1T1p|ate_locati0n.b€l" |
Flate Setting
[]96 [¥] 384 [] 1536 well
no. rows = max 138720
no. cals 4%?9;
noplates 3¢ [+ 12047
Processing 1317
| Update ‘ Export ‘ 10587
| 98457

| tGrids | cGrds | 9177

ga47

TEET

6937

6206

547H

4746

4016

3286

2556

1826

1096

366

1

min: 1.0 -
Control Panel
Data Maps: |RaWDataMatrix |v|
| [ — | ]
Display Condition Missing Walues
Meighbors |Rank:Matrix |v| ||:|NA |v|
Qutput
|




E GAP vD.2: A Visual Environment for Data Analysi

File “iew Data GAP Graph Configure  Help  ArrayTool  ArrayTool

= MFN [~] R B

Array Image Viewer: tom4-1{550)_532.gpr

|t0m4-1(550)_532.gpr|v||F532Median|v|‘ Categary || O || < || |

Array Image | Plate Image rMA Flot r BioxPlot rQuaIity Contral |

Plate File :

oL o4 07 10 13 1 19 22 25 28 31 34 1
|_mp|ate_|ucation.t>ct|| |

Flate Setting
]88 384 []1536 well

0. Fows max 13872.0

nao. cals 4%?9;

no. plates = 12047

Processing 1317

| Lpdate || Export | 10587
9357

‘ 9127
gag7

‘ rGrids H cGrids

7BET
G937
B206
G476

4746
4016
3286

2556
1826
1056

Qutput




Applications: =
Image Reconstruction 36/76

Medical images (fMRI) of a knee

The cartilaginous tissues (the brighter part) is the object-of-interest.




Applications: Eye-tracking, mouse clicking

By Mike Barcs
BeyO nd the How does this tool get us any closer to

understanding our potential customers?

i

37/76

heat map —

here is no doubt

begun. What waj

prised of a few e

used in many div

ware have impro

and new software has eased the proce
coupled with a growing Interest in e
inspired a new generation of research
OF all of the industries that have H
been more enthuslastic than the flelds|

Advertisers, Web developers, package

Principles for interpreting
eye-tracking data

See alos: https://www.tobiipro.com/learn-and-
support/learn/steps-in-an-eye-tracking-study/interprg
with-heat-maps-and-gaze-plots/




Applications
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Sufficient Display (Chen, 2002)

(1) appropriate
permuted variables
and samples.

Y

D
40/76

(1) subject-subject

(2) variable-variable

(2) carefully derived (3) subject-variable
partitions for variables

and samples.

(3) representative

summary statistics

(means, medians or

Std.).

Correlation Log Ratio Distance
[ . | B 000 e [ .
-1 0 1 -2.0 0 2.0 0




Generalization and Flexibility

Sediment Display

Log Ratio

Similar information to that
given by a boxplot when
the color strips at the
quartile positions are
extracted.

Sectional Display

Distance

| . |
0 ;F; 14

£E=6

Display only those
numerical values
that satisfy certain
conditions.

ﬁ‘
.l. I
= ot
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Restricted Display

Distance

Resolution of a
Statistical Graph




Heatmaps in R

m Static

B image {graphics}
B heatmap {stats}
B pheatmap {pheatmap} # pretty
B heatmap.2 {gplots} # Enhanced Heat Map
® aheatmap {NMF} # annotated heatmap
® heatmap3{heatmap3}
B annHeatmap2 {Heatplus}, heatmap_2 {Heatplus}, heatmap_plus {Heatplus}
m d3heatmap
m Heatmap {ComplexHeatmap}
m plot_ly {plotly} # type = "heatmap"
® heatmap.plus {heatmap.plus}
B Heat map produced by xyplot() function
m corrplot {corrplot}
m |evelplot {lattice}
B Interactive
® heatmaply
m fheatmap
B gapmap
B superheat
B shinyheatmap: Ultra fast low memory heatmap web interface for big data genomics

m Web Application
B A heatmap is created with the geom_tile geom from ggplot
m Autoimage




Heatmaps: Software-related
Literature
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2010, neatmap : non-clustering heat map alternatives in R

2011, gitools: analysis and visualisation of genomic data using interactive heat-maps
2014, advanced heat map and clustering analysis using heatmap3

2014, hemi: a toolkit for illustrating heatmaps

2014, jheatmap : an interactive heatmap viewer for the web

2015, an interactive cluster heat map to visualize and explore multidimensional metabolomic
data

2015, clustvis : a web tool for visualizing clustering of multivariate data using principal
component analysis and heatmap

2016, complex heatmaps reveal patterns and correlations in multidimensional genomic data
2017, Autoimage : multiple heat maps for projected coordinates

2017, clustergrammer : a web-based heatmap visualization and analysis tool for high-
dimensional biological data

2017, shinyheatmap : ultra fast low memory heatmap web interface for big data genomics

2017, a galaxy implementation of next-generation clustered heatmaps for interactive
exploration of molecular profiling data

2018, heatmaply : an R package for creating interactive cluster heatmaps for online
publishing

2018, superheat: an R package for creating beautiful and extendable heatmaps for
visualizing complex data




Display of Genome-Wide Expression Patterns

Time

b
r

Proc. Natl. Acad. Sci. USA
Vol. 95, pp. 14863-14868, December 1998
Genetics

Cluster analysis and display of genome-wide expression patterns

MicHAEL B. Eisen®, PavurL T. SPELLMANY, PATRICK O. BROWNT, AND DAVID BOTSTEINT £

Software:
Fig. 1. Clustered display of data from time course of serum Cluster and TreeView
stimulation of primary human fibroblasts. Experimental details are
described elsewhere (11). Briefly, foreskin fibroblasts were grown in FiG. 3. To demonstrate the biological origins

culture and were deprived of serum for 48 hr. Serum was added back
and samples taken at time 0, 15 min, 30 min, 1 hr, 2 hr, 3 hr, 4 hr, §
hr, 12 hr, 16 hr, 20 hr, 24 hr. The final datapoint was from a separate
a unsynchronized sample. Data were measured by using a cDNA
microarray with elements representing approximately 8,600 distinct

of patterns seen in Figs. 1 and 2, data from
Fig. 1 were clustered by using methods
described here before and after random
permutation within rows (random 1),
within columns (random 2), and

. . . both (random 3).
human genes. All measurements are relative to time 0. Genes were (r: )

selected for this analysis if their expression level deviated from time 0
by at least a factor of 3.0 in at least 2 time points. The dendrogram and start_ clustered - random! - random2 - randoms3

colored image were produced as described in the text; the color scale
ranges from saturated green for log ratios —3.0 and below to saturated
B red for log ratios 3.0 and above. Each gene is represented by a single
row of colored boxes; each time point is represented by a single
column. Five separate clusters are indicated by colored bars and by
identical coloring of the corresponding region of the dendrogram. As
described in detail in ref. 11, the sequence-verified named genes in
these clusters contain multiple genes involved in (A) cholesterol
g biosynthesis, (B) the cell cycle, (C) the immediate —early response, (D)
signaling and angiogenesis, and (£) wound healing and tissue remod-
eling. These clusters also contain named genes not involved in these
processes and numerous uncharacterized genes. A larger version of
this image, with gene names, is available at http://rana.stanford.edu/

clustering/serum.html.
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Rajaram, S. and Oono, Y., 2010, Neatmap--non-clustering heat map ﬁ

alternatives in R, BMC Bioinformatics, 201011:45 I":ig/;e

d) heatmap] e) circularmap

a) profileplot3d
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Figure 1 Different ways of representing the cyclic genes for the alpha experiment in Spellman et al.
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Figure 1. Usage of Heml 1.0. (A) The numerical data in one of three file formats can be directly loaded, whereas the data area can be selected by
dragging or holding-SHIFT-then-click manipulations. Titles for X-axis or Y-axis can also be specified; (B) Multiple options for manipulating the heatmp;
(C) The numeric data can be clustered for either or both of X-axis and Y-axis; (D) Publication-quality figures can be exported, and two figure formats
were supported.

doi:10.1371/journal.pone.0111988.g001




Zhao et al.,, 2014, advanced heat map and clustering analysis using ﬁ
heatmap3, Biomed Res Int. 2014; 2014: 986048. e

® highly customizable legends rﬁ%m

and side annotation, el | TPoeeee, cocy

ived =Y

Negative3= N [ HIHHEE HEENENNEN

B a widerrange of color L e m————
selections, e e e

B new labeling features which
allow users to define multiple
layers of phenotype
variables, and

m Automatically conducted
association tests based on
the phenotypes provided,

m different agglomeration
(clustering) methods for
estimating distance between
two samples

|I||J
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Frgure 1: An example of “heatmap3” package. The heat map was generated based on 30 samples from TCGA BRCA dataset. The dendrogram
of samples (top) was divided into two parts based on the correlation between samples’ gene expression and then labeled, respectively. The
categorical annotation bars (above heat map) demonstrate the annotation for age, TN, HERZ, PR, and ER. The color bar on the left side
demonstrates the log2 fold changes and negative logl0 P values from comparison of triple negative patients versus nontriple negative patients.




Benton et al,, 2015, an interactive cluster heat map to visualize and
explore multidimensional metabolomic data, Metabolomics 11(4),
pPpl029-1034.

INTERACTIVE HEATMAP

Count

®m A limitation of applying EREE &
heat maps to global : 2 1
metabolomic data: the R o
large number of ions that 1
have to be displayed and
the lack of information
provided about
important metabolomic
parameters such as m/z
and retention time.

B the interactive cluster

i
%b

. Box-Whisker EIC
heat map (XCMS Online): - _ =
. . = @é Stem E - | \
to process, statistically . . s A
. . . - "8 i
evaluate, and visualize _ 5 =8 i
s Mass Spectrum METLIN ID
mass-spectrometry :
8 MID 34846
Figure 1. — R Adrenic acid (w-6 fatty acid)
Interactive, sortable heat map with customized metabolomic data visualization. Each row @ e i m";‘l“::t‘l‘:
represents a metabolite feature and each column represents a sample. Metabolite features s E8 MID 34845

Docosatetraenoic acid

whose levels vary significantly (p < 0.01) across three different brain regions (stem, 3 38

cerebellum and hippocampus) are projected on the heat map and used for sample clustering.




Metsalu, T. and Vilo, J., 2015, clustvis : a web tool for visualizing ﬁ
clustering of multivariate data using principal component analysis and 45/76
heatmap, Nucleic Acids Research, 43. :W566-W570.
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Figure 2. Heatmap of stromal molecular signatures of breast and prostate cancer samples.

Annotations on top of the heatmap show clustering of the samples.




Zuguang Gu, Roland Eils, Matthias Schlesner, Complex heatmaps reveal ﬁ
patterns and correlations in multidimensional genomic data, Bioinformatics, /2%
Volume 32, Issue 18, 15 September 2016, Pages 2847-2849. 50/76

One famous GO game

m.%|l I
v
- e 00000 & 60
T e
. B

Player
playert
player2

EE CEEEE NI
hhome B L ane

150

P
q..‘

g K
88 23 8 2 8

R3
RS
BSE38BBOESE 835538880853
I W .
OncePrint for TCGA Lung Adenocarcinoma, genes in Ras Raf MEK JNK signalling
4:%
I||||m|-.||n|-| SN0 N 11 0 Y LT
a2% ([l v i kRAs [ |
7% || " | Ji|n wapzks Wl
59 ] | i ([l MmAP2K3
5% i s A markz [ ]
3% ' i l | ' MAP3KI ||

@ 3% ' T | 1 | MAP2K3 ||
3% ' l " | " MAPZK1 ||
3% |f ! | 1117 mapskz 1 | N Alternations
2% (||l |w/l] MAPK14 | Ampification
o MAPKE | | it
0% RASSF1 | | expr
15% 1100 LT Ras2s [ B
I 1] I oar; ]

10% 1 I ' n erar N M

es | IIINNNIY [ 10 I wApks [

6% ||| ML i LTI wapaks [l 1]

4% i 100 wAPzKa [l | ]

3% I I I Il maPks W l. . . .

a | T ey visualize multiple
2% | | |i|| HRAS = [ | . t t
2% ! 1 MAPKS |
b i | [ wapae 1 genomic alteration
1% | | mAPKs I b h
= (Mt il s i events by heatmap
0% MAP2KS

0% MAPK1




Broom et al, 2017, a galaxy implementation of next-generation
clustered heatmaps for interactive exploration of molecular profiling
data, Cancer Res; 77(21); e23-26.

m Extreme zooming without loss

of resolution for drill-« A[eues mmr s gence
large data matrices. NN
® Fluent navigation. | [~ b {
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to a variety of pertinet —— e
annotation resources, R
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| Khomtchouk -ﬁerlessy .7ah|'§tedt -517£hinyheatmap:

Ultra fast low memory heatmap web interface for big data
genomics. PLoS ONE 12(5): e0176334.

sﬁinyﬁeatmajo

Instructions Static Heatmap Interactive Heatmap
Click Here for the Source Code on Github!

il

Z. Download Small Input Sample File

2. Download Mid-Sized Input Sample File

&, Download Huge Input Sample File

Choose File to Upload:

Browse... = midGenesFile.csv 5 —
Upload complete — -
] —_—
Low Value:
blue A
High Value: | — 3
red - - =
e —
Apply Clustering: _—
Distance Metric:
euclidean v
Linkage Algorithm:
complete -

Fig 2. shinyheatmap interactive heatmap. shinyheatmap Ul showcasing the visualization of an interactive heatmap generated from a large input
dataset. An embedded panel that appears top right on-hover provides extensive download, zoom, pan, lasso and box select, autoscale, reset, and
other features for interacting with the heatmap.

https://doi.org/10.1371/journal.pone.0176334.q002




Fernandez, N. F. et al. Clustergrammer, a web-based heatmap ﬁ
visualization and analysis tool for high-dimensional biological data. 7~

53/76

Sci. Data 4:170151 doi: 10.1038/sdata.2017.151 (2017).

zooming,
panning,
filtering,
reordering,
sharing,
performing
enrichment
analysis, and
providing
dynamic gene
annotations.

Clustergrammer
can be used to
generate
shareable
interactive
visualizations by
embedding
Clustergrammer
in Jupyter
Notebooks.

The

Clustergrammer
core libraries can
also be used as a
toolkit by
developers to
generate
visualizations

within their own
applications.
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Figure 1. Clustergrammer web app, Jupyter widget, and interactivity. (a) Users can generate interactive and




French, J., 2017, Autoimage : multiple heat maps for projected

coordinates, R.J. 9(1), 284-297.

non-gridded data,

70

lat

Two complicated maps

tasmax for North America

41

40

Colorado Aluminum levels (%)
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construction of heat maps for responses observed on regular or irregular grids, as well as

construction of heat maps with a common color scale, with individual color scales,
projecting (Longitude and latitude) coordinates before plotting,
easily adding geographic borders, points, and other features to the heat maps.
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Figure 11.
A complicated set of heat maps created using the autolayout and autolegend functions.

A heat map of the tasmax measurements for the first day of the narccap data using

projected coordinates with an added geographic map of the continental U.S.

maximum daily surface air temperature (tasmax)




Galili et al., 2018, heatmaplj: an R package for creating interactive
cluster heatmaps for online publishing, Bioinformatics, 34(9), 2018,
1600-1602.

# the default by gplots: heatmaplyv.2
heatmaply(percentizelmtcars)[1:10,], marging = ci(40, 1207,
seriate = "mean")
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| Rebecca L. Barter , Bin Yu, 2017, Superheat: an R package for creating ; s |

Journal of Computational and Graphical Statistics,
https://doi.org/10.1080/10618600.2018.1473780
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GAP SOftWﬂl‘e Verisi-on 0.2.7

Generalized Association Plots
® Input Data Type: continuous or binary.
® Various seriation algorithms and clustering analysis.

® Various display conditions .
® Modules: r

B Covaraite Adjusted.

B Proximity Modelling.

B Nonlinear Association Analy
B Missing Value Imputation.

Statistical Plots
2D Scatterplot,
3D Scatterplot (Rotatable)

Download

http://gap.stat.sinica.edu.tw/Software/ GAP

5 2! SAPSSANSS50 ColMame [05x50F |

olu.. [Enpse Sortng
FhRO0EREE BXh

Wu, H. M., Tien, Y. J. and Chen, C. H.* (2010). GAP: A Graphical Environment for Matrix
Visualization and Cluster Analysis, Computational Statistics and Data Analysis, 54, 767-778.




Shengli Tzeng ; Han-Ming Wu ; Chun-Houh Chen, Selection of Proximity %
Measures for Matrix Visualization of Binary Data, 2009 2nd International
Conference on Biomedical Engineering and Informatics, 20 (1):1-9 58/76

1-Jaccard distance coefficient
Elliptical seriations

m KEGG (Kyoto
Encyclopedia of
Genes and genomes)
metabolism

pathways for yeast.

Jaccard Coefficient

m 1177 related genes
involved in 100
metabolism
pathway of
S. c. yeast.

i

m (/) =1:thgeneis
involved in jth
pathway activities.




MV for Nominal/Categorical Data

B Color-coding:
color version
of relativity of
a statistical
%raph still

olds.

m Proximity:
for variables
for subjects

Homals
(Gifi, 1990;
Michailidis and
De Leeuw,1999)

= Categorical
GAP (Chen,
1999; Chang et
al, 2002)

— Cartograph
GAP (Cgiherﬁ) e)z‘/
al, 2005)

Concept of Categorical GAP with Gifi-Homals

Toy Data Set
Subject Gender Reli Poli
sl Male Bud Kuo
82 Male Chr Kuo
83 Male Taoc  Min
s4 Female Bud Min
85 Female Chr Hsm

86 Female Tao

(3) Compute the Proximity for

2 Variables as the Sum of
Weighted 3D Euclidean
Distance between

Corresponding Categories for

the 2 Variables from the
Homals' 3 Dimensional Dual
Space.

111
121

—»|(132 Obtain the Homals'
212 3 Dimensional Dual
2273 Space Solution
233

(2) Compute the
Proximities for 2 Subjects
as the 3D Euclidean

(1) Scale the Homals' 3
Dimensional Dual Space
into the RGB Cube

Distances for the 2
subjects from the
Homals'3 Dimensional
Dual Space.

N |
Distant 4




Wu HM, Tien YJ, Ho MR, Hwu HG, Lin WC, Tao MH, Chen CH, 2018 @ ]
Covariate-adjusted heatmaps for visualizing biological data via correlation V2
decomposition, Bioinformatics, 34(20):3529-3538.

(a) model data (b) noisy data (c) sorted data
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Continuous pattern (Cx)
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(d) covariate adjuated
and sorted data
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adjusted for discrete pattern
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Motivation: Covariate-adjusted
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corr(X;, X;)

Conditional
Correlation
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Psychosis Disorder Data

Symptoms
B SAPS
B SANS

Patients

B Schizophrenic
I Bipolar disorder




Z-score Significant Map A
B This z-score significant map is helpful
identifying variable pairs with the most
significant differences in correlation before and
after a covariate adjtélwsjtment.
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Elliptical Imputation of Missing Values L

B Horizontal O Positive
Step 4 | _ —=
Evaluation . o |
N A N
m Vertical W Negative
; . | - x
no. directions = 4 . o :

T T T T T T T 1 T T T l T T
1 T3 4 5 6 7 8 9 10 n 1 7 3 4 5 6 7 8 9 10

no. elements = 10

(1) Fit Regression Zd, d=1,---,4.

(2) Calculate weights

slopegli] = yali + 1] —walé], i=1,---,9.
1
var(slopey)

Wqg —

(3) Impute values 4 A
_ 2d—1WaZyg

. ImputedValue = 1

m Missing Values D d—1 Wd

1
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Interactive'Diagnostic System for Hierarchical Clustering i@ \
Tree with Matrix Visualization SAI76

(1) Input Proximity Matrix sy (2) Transformed Disparity Matrix

I5 :’
Multidimensional Scaling t T
(MDS)
R Né;n:“ N_;;E\JZ?Z ==

T
0002040608 1.06

(e.g., Pearson's Correlation) IR

Hierarchical Clustering Tree

(e.g., Cophenetic Matrix) (HCT) (e.gfesidual Matrix) &%

I - P i
f'-.-';—-; O
(3) Output Distance Matrix e (4) Stress Matrix f .

Disparity




° ° ° °
The Challenge of Visualizing Big Data
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boxplot hist barplot plot
T w o[ | " N
- T4 o g o] 7 0 e
> n <- 1le+02 B@EB N S
1 e . e
4 7 .. S e sesenies
oA e o o E, 8 e ted Ve o
T T T T I T T T T 1 T T
A B c D 00 02 04 0B 08 10 A B c D 2 - 0 1
a large p? a , .
boxplot hist barplot
SIRNNI |
S <_ + ) AR gm: .
T | D |
@ | T T T %1 T T T T ] g ..
A B c D 00 02 04 0B 08 10 A B c D
*2 ¥ w1
n <- le+02

VVVYVYVYVYVYVYVYV

y <- as.factor(sample(LETTERS[1:4], n, replace=T, prob=c(0.1, 0.1, 0.5, 0.3)))

x1 <- rnorm(n)

X2 <- rbeta(n, 0.5, 0.5)
xydata <- data.frame(y, x1, x2)
par(mfrow=c(1,4))

boxplot(xl~y, data=xydata, ylab="x1", main="boxplot')

hist(x2, xlab="x2", main="hist")
barplot(table(y), xlab="y", col =

2:5, main="barplot'™)
plot(x1, x2, main="plot"”, col=as.integer(y)+1)

Two principles:
Look at Less Data;
or Look at Data Faster




The interval-valued symbolic data

FACE RECOGNITION DATA

@ Details: Leroy et al. (1996),
Douzal-Chouakria, Billard and Diday (2011),
Le-Rademacher and Billard (2012)

© The dataset gives six face measurements of
nine men, each with three observations,
resulting in a total 27 observations. The
measurements for each observation came

from a sequence of images.

name AD BC AH DH EH GH

FRAL (155, 157) (58, 61.01)  (100.45, 103.28) (105, 107.3)  (61.4, 65.73)  (64.2, 67.8)
FRA2 | (154, 160.01) (57, 64)  (101.98, 105.55) (104.35, 107.3) (60.88, 63.03) (62.94, 66.47)
FRA3 | (154.01, 161) (57, 63) (99.36, 105.65) (101.04, 109.04) (60.95, 65.6)  (60.42, 66.4)
HUS1 | (168.86, 172.84) (58.55, 63.39) (102.83, 106.53) (122.38, 124.52) (56.73, 61.07) (60.44, 64.54)
ROM3 | (167.11, 171.19) (63.13, 68.03) (121.62, 126.57) (122.58, 127.78) (49.41, 57.28) (50.99, 60.46)

o,
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REIIJ'B RD# R*m Rl.'lm RONE ROM2
ROM2 Rﬂk ROME Ronz RONZ RONE
ROMI1 | ROM1 ROM1 ROM1 |_I RO ROMI
PHIZ PHI3 PHI PHI3 PHIZ PHI3
PHI2 ‘ HIZ PHIZ PHIZ PHI2 PHI2 | |
PHIN FHIN PHIN PHI FHI FHI
Lo LOTE LOTR Lot LoT: LOT2
Lomz 3 LoTR LoTz LOT2 Lotz
Lom Lort LoT Lom LoTi LoT1
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KHA] KHA KHA KHA1 HA KHAT
JPL3 JPLZ JPL3 JPL3 JPLI | | JPL3
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1543 1588 1543
1542 1542 1543
1541 1541 15A]
INC2 INC3
NC2 INCZ
INC INC1
HUS2 153 HUs3
HUSZ 52 HUISZ
HUs1 <1 HLSI
F FS FRAS FRA3
RRAZ B2 FRAZ FRAZ
FRA1 FRA1 FRAT
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AD BC AH DH EH GH
ROM3 g
ROh2 6
ROMI R i |8 f 25
PHIZ l 24
PHIZ I | 23
PHH = i T 22
LOT3 . | |
LoT2 i ] 20
LOTH i | 19
KHAZ 18
KHAZ 17
KHAY | | i 16
#L3 | l 15
L2 [ | 14
RLI 7] I 13
1543 12
1542 11
1541 10
MC3 . g
MC2 ] r.- ]"- 1 8
MCH 7
HUS3 B
HUS2 | —I [ | 5
HUS1 B . 4
FRA3 I l 3
s | 4 :[ | . .
FRAt | i | | -1 T 1
UL T T TT 1T 1T 1T TT1T1TTT1T1 T T T T T T
180 160 170 55 B0 65 95 105 115 125 95 105 120 50 55 60 65 50 55 BD 65

min

column condition

(=2
e
M2
MY

AH DH EH GH
|
I | I 1 I TITTTTTT LI L L I I T I I I
150 180 170 55 B0 BS 95 105 115 125 95 105 120 50 55 60 BS 50 55 B0 65
matrix condition
4827 7647 104 68 13286 161.05
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Kao, C.H., Nakano J., Shieh, S.H., Tien, Y.J,, Wu, H.M., Yang, C.K,, and
Chen, C.H.* (2014), Exploratory data analysis of interval-valued

symbolic data with matrix visualization, Computational Statistics &

Data Analysis, 79, 14-29.

January
February
March
April

May

| June

July
August

I September
October
Movember

December

|| Row: 31 €31 XiAn
i Col: 12: December
I Interval: -2.5, 6.3

Midpoint: 1.9

Number of disagreements
12 [ S

Latitude / Longitude / Elevation
South / West | Low | [ NN Morth ( East ¢ High

Empirical correlation
-1 _ - I

span normalized Euclidean Hausdorff distance
o | I O

Interval Data Table

wmin: -36.9 | [ D o 16

_.H M. | !
-

-

.'{

)
N

9

176




The histogram-valued symbolic data

EXAMPLE: IRIS DATA (150 x 4, y=(50, 50, 50))

=

f " 4

70/76

Iris virginica

The iris data (Fisher, 1936) consists of 50 samples from
each of three species of Iris (Setosa, Virginica and
Versicolor). Four features were measured from each
sample: the length and the width of the sepals and

petals, in centimetres.

PCA SIR
o o Setosa A
o - P 2 Versicolof oq A
= w4 |+ Virginica
ant B
— Cbriq:) &7 — =
[9Y] C% ol
< o o
2" & % O
o
ij@o@
K & Kk
af
C\]-l il OOO + Dl*l —
™ e + ™
I I T ] T T | T I T T I
-3 -2 -1 0 1 2 -3 -2 - 0 1 2




The histogram-valued symbolic data ?,;5

IRIS DATA: GENERATE HISTOGRAMS

L3R 150 F
1L :

@ Within each class, 30

observations were randomly

i L | BEEER BEBEE

Sades
H
Lk
!

sampled to generate histograms ~“ro T
jriy

for four variables.

© Repeat 10 times. : }Vﬁ
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Histogram-PCA

Joint Histogram of Histograms: (PCA1, PCA2)
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Perspective

Thinking by classes in data

science: the symbolic data analysis
paradigm

Edwin Diday*
How to cite this article:
WIREs Comput Stat 2016, 8:172-205. doi: 10.1002/wics.1384
Standard data table Symbolic data table )
A symbolic
. ’ data
Players | Y, Y, Y’y Y describing
Messi team
A number
ind, (Messi age) Cl,
ora
Category /
(Messi /,w/
. 11 nationality)
ind, Y; il k—/ Cl; = m ull _IJ_
4 pi A

_______..--""

) | )|
ind,_ Cl, / / l\

Age Weight Nationalities
interval histogram barshart

FIGURE 1 | From a standard data table (X, ¥) describing a set of individuals X
by a set of standard variables Y, to a symbolic data table
(X, Y) describing a set of teams X' by a set of symbolic variables Y.




Conclusion

B MV is the color order-based
representation of data matrices.

B MV is suggested as a preliminary step
iIn modern exploratory data analysis
and is a continuing and active topic of
research and application.

® MV has the opportunity to become
one of the new generation of
exploratory data analysis (EDA) tool
for various data types.
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Thanks for listening!

Han-Ming Wu =244

http://www.hmwu.idv.tw
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