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Data/Information Visualization

 Exploiting the human visual system to extract information from data.
 Provides an overview of complex data sets.
 Identifies structure, patterns, trends, anomalies, and relationships in 

data.
 Assists in identifying the areas of interest.

Visualization =

Data

information

Graphing for Data +   Fitting + Graphing for Model
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Why Data Visualization?
 It is not about "infographics", the beautiful, heavily customized products of expert graphic 

designers.
 Data visualization can provide clear understanding of patterns in data, detect hidden structures in 

data, condense information.
 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.

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

http://ryanwomack.com/IASSIST/DataViz/

https://en.wikipedia.org/wiki/Anscombe's_quartet

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)
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Anscombe's Quartet
 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)
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The Datasaurus Dozen
install.packages("datasauRus")

Justin Matejka and George Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied 
Appearance and Identical Statistics through Simulated Annealing. 
https://www.autodeskresearch.com/publications/samestats
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The Datasaurus Dozen: More examples 7/76



Without ordering

genes/
subjects

Samples/
conditions/
variables

Color mapping

Ordering/Seriation/
Clustering

Heatmaps

 Heatmaps represent two-dimensional tables of 
numbers as shades of colors. 

 The dense and intuitive display makes heatmaps
well-suited for presentation of high-throughput 
data. 

 Heatmaps rely fundamentally on color encoding 
and on meaningful reordering of the rows and 
columns.  
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Deng W, Wang Y, Liu Z, Cheng H, Xue Y (2014) HemI: a toolkit for 
illustrating heatmaps. PLoS ONE 9(11): e111988. 
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Search “heatmap” (title/abstract)
in the academic databases 10/76
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Presentation of Raw/Proximity Data Matrix

 Data Transformation
 Selection of Proximity Measures
 Color Spectrum
 Display Condition

(1) The Basic Principles of Matrix Visualization
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Psychosis Disorder Data (Chen 2002)

All the 
symptoms are 
recorded on a 
six point scale 

(0-5).

Scale for Assessment 
of Negative Symptoms 

(SANS): 20 items, 
5 subgroups. 

Expression (NA1-7)Scale for Assessment 
of Positive Symptoms 

(SAPS): 30 items, 
4 subgroups.

Hallucinations (AH1-6)

69 schizophrenic

26 bipolar disorders

Speech (NB1-4)

Hygiene (NC1-3)

Activity (ND1-4)

Inattentiveness (NE1-2)

Behavior (BE1-4)

Delusions (DL1-12)

Thought disorder (TH1-8)

50 Variables

95 
Subjects

正性症狀: 
行為的過量

負性症狀: 
行為的不足

精神分裂症

躁鬱症

精神疾病

幻覺

妄想

行為

思考失序

表達

語言

社交

做事的意志

衛生

Raw Data Matrix
胡海國 國立臺灣大學 精神科教授

國立臺灣大學醫學院附設醫院 精神部主任
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Presentation of Raw Data Matrix: Psychosis 
Disorder Data

Pearson Correlation Coefficient
Correlation Matrix 
for Variables

Correlation Matrix for Subjects

Raw Data Matrix

(2) Color Spectrum

(1) Selection of Proximity Measures

(3) Range Matrix Condition
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Selection of Proximity Measures

Euclidean Distance

Pearson Correlation Coefficient

Proximity Matrix for Rows

Proximity Matrix for Columns

Raw Data Matrix Other Similarity/Dissimilarity
Measures
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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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Color Spectra

Correlation matrix map of 50 psychosis disorder variables

RGB
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Display Conditions

Center Matrix ConditionRange Matrix Condition

Rank Matrix Condition

range column condition
range row condition
center column condition
center row condition
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Seriation of Proximity Matrices and 
Raw Data Matrix

 Relativity of a Statistical Graph

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

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

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



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

Seriation 
Methods

(1) Rank Two Ellipse Ordering 
(Chen, 2002)

(2) Hierarchical Clustering 
Tree (Average-Linkage)

Seriation 
Methods
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Relativity of a Statistical Graph
Placing similar (different) objects at closer (distant) positions

Ordering

Ordering

Ordering

Without suitable permutations (orderings) of the variables and samples, matrix 
visualization is of no practical use in visually extracting information.
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Criteria for a good Permutation
Global criterion: 
Anti-Robinson Measurements

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

Tree seriation for proximity matrices

Tree seriation for raw data matrices

3 flips1 flip
many 
flips5 flips

ideal 
model

Tree seriation
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Tien, Y. J., Lee, Y. S, Wu, H. M. and Chen, C. H.* (2008), Methods for 
Simultaneously Identifying Coherent Local Clusters with Smooth Global 
Patterns in Gene Expression Profiles. BMC Bioinformatics 9:155, 1-16.

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

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

Data: 517 genes by 13 arrays
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Literature review (1)

Concept:
 Bertin (1967): reorderable matrix.
 Carmichael and Sneath (1969): taxometric maps.

Clustering of data arrays:
 Hartigan (1972): direct clustering of a data matrix. 
 Tibshirani (1999): block clustering. 
 Lenstra (1974): traveling-salesman problem.
 Slagle et al. (1975): shortest spanning path.

Colour Representation:
 Wegman (1990): colour histogram.
 Minnotte and West (1998): data image.
 Marchette and Solka (2003): outlier detection.
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Literature review (2)
Exploring proximity matrices only:
 Ling (1973): shaded correlation matrix.
 Murdoch and Chow (1996): elliptical glyphs.
 Friendly (2002): corrgrams.

Integration of raw data matrix with two proximity 
matrices

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

Reordering of variables and samples
 Chen (2002): concept of relativity of a statistical graph.
 Friendly and Kwan (2003): effect ordering of data displays.
 Hurley (2004): placing interesting displays in prominent positions. 

Matrix Visualization (MV): reorderable matrix, the heatmap, color 
histogram, data image and matrix visualization.
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(4)
Sufficient
充分

Generalized Association Plots (GAP) 
(Chen, 2002)

Four Steps of Generalized Association Plots (GAP)

(1)
Presentation

呈現

(2)
Seriation
排序

(3)
Partition
分割

Clustering Summarization
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Applications:
Other types of MV 30/76



Applications: 
Binning Technique 

 Binning is a technique of data aggregation used for grouping a dataset of N 
values into less than N discrete groups. 
 the XY plane is uniformly tiled with polygons (squares, rectangles or hexagons).

 the number of points falling in each bin (tile) are counted and stored in a data structure.

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

Rectangular binning Hexagonal binning

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

hexagonal heatmap in R
https://www.visualcinnamon.com/2013/11/how-to-create-hexagonal-heatmap-in-r
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Applications: 
U-matrix: Unified Matrix Method
(Ultsch and Siemon 1989, Ultsch 1993) 

U-matrix representation of the SOM

U-matrix representation of SOM 
visualizes the distance between the 
neurons. The distance between the 
adjacent neurons is calculated and 
presented with different colorings 
between the adjacent nodes.
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Applications: 
Array Image

Blocks:
12 by 4

Features:
18 by 18

Signal
16-bit
0~65535

*.gpr

GAL
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Applications:
Image Reconstruction

Medical images (fMRI) of a knee

The cartilaginous tissues (the brighter part) is the object-of-interest.
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Applications: Eye-tracking, mouse clicking

How does this tool get us any closer to 
understanding our potential customers?

See alos: https://www.tobiipro.com/learn-and-
support/learn/steps-in-an-eye-tracking-study/interpret/working-
with-heat-maps-and-gaze-plots/
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D2.01  D2.02  D2.03  D2.04  D2.05  D2.06  D2.07  D2.08  D2.09  D2.10

D7.02  D7.03  D7.04  D7.05  D7.06  D7.07  D7.08  D7.09  D7.10  D7.11 

D2.01表示: 2018/06/05，00:00(含)~01:00共
4個時間點(00:00，00:15，00:30，00:45)之
停留地區，取最多停留地區為此時段之停留
地區。D7.02表示: 2018/06/10，01:00(含
)~02:00。

問題: 為何這兩天的時間
區段訊號，幾乎是遺失
的?

白色為遺失

Applications 38/76



624
新店區
(D7.18)

中正區
(D7.21)

資料檔: move_map_2/
Admin_movement_D7.18-D7.21.csv

• 共624人從新店區
(D7.18)移動到中正區
(D7.21)。

• 對角線為停留在原區域
之使用者人數。

Applications: 
Asymmetric matrix
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Sufficient Display (Chen, 2002)

(1) subject-subject 

(2) variable-variable

(3) subject-variable 

(1) appropriate 
permuted variables 
and samples. 

(2) carefully derived 
partitions for variables 
and samples. 

(3) representative 
summary statistics 
(means, medians or 
Std.).
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Generalization and Flexibility

Sediment Display Sectional Display Restricted Display

Resolution of a 
Statistical Graph

min maxmax

min
Display only those
numerical values 
that satisfy certain 
conditions.Similar information to that 

given by a boxplot when 
the color strips at the 
quartile positions are 
extracted.
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Heatmaps in R
 Static

 image {graphics}
 heatmap {stats}
 pheatmap {pheatmap}  # pretty
 heatmap.2 {gplots} # Enhanced Heat Map 
 aheatmap {NMF} # annotated heatmap
 heatmap3{heatmap3}
 annHeatmap2 {Heatplus}, heatmap_2 {Heatplus}, heatmap_plus {Heatplus}
 d3heatmap
 Heatmap {ComplexHeatmap}
 plot_ly {plotly} # type = "heatmap"
 heatmap.plus {heatmap.plus}
 Heat map produced by xyplot() function
 corrplot {corrplot}
 levelplot {lattice}

 Interactive
 heatmaply
 fheatmap
 gapmap
 superheat
 shinyheatmap: Ultra fast low memory heatmap web interface for big data genomics

 Web Application
 A heatmap is created with the geom_tile geom from ggplot
 Autoimage
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Heatmaps: Software-related 
Literature
 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
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Display of Genome-Wide Expression Patterns

Software:
Cluster and TreeView
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Rajaram, S. and Oono, Y., 2010, Neatmap--non-clustering heat map 
alternatives in R, BMC Bioinformatics, 201011:45
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Deng W, Wang Y, Liu Z, Cheng H, Xue Y (2014) HemI: A Toolkit for 
Illustrating Heatmaps. PLoS ONE 9(11): e111988. 46/76



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

 highly customizable legends 
and side annotation, 

 a wider range of color 
selections, 

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

 Automatically conducted 
association tests based on 
the phenotypes provided, 

 different agglomeration 
(clustering) methods for 
estimating distance between 
two samples
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Benton et al., 2015, an interactive cluster heat map to visualize and 
explore multidimensional metabolomic data, Metabolomics 11(4), 
pp1029-1034.

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

 the interactive cluster 
heat map (XCMS Online): 
to process, statistically 
evaluate, and visualize 
mass-spectrometry 
based metabolomic data.
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Metsalu, T. and Vilo, J., 2015, clustvis : a web tool for visualizing 
clustering of multivariate data using principal component analysis and 
heatmap, Nucleic Acids Research, 43. :W566-W570.

 ClustVis is 
written using 
Shiny web 
application 
framework
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Zuguang Gu, Roland Eils, Matthias Schlesner, Complex heatmaps reveal 
patterns and correlations in multidimensional genomic data, Bioinformatics, 
Volume 32, Issue 18, 15 September 2016, Pages 2847–2849.

visualize multiple 
genomic alteration 
events by heatmap
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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.

 Extreme zooming without loss 
of resolution for drill-down into 
large data matrices.

 Fluent navigation.
 Link-outs from labels or pixels 

to a variety of pertinent 
annotation resources, including 
GeneCards, PubMed, the Gene 
Ontology, Google, and 
cBioPortal.

 Annotation with pathway data.
 Flexible real-time recoloring.
 Capture of all metadata 

necessary to reproduce any 
chosen state of the map, even 
months or years later.

 High-resolution graphics that 
meet the requirements of all 
major journals.
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Khomtchouk BB, Hennessy JR, Wahlestedt C (2017) shinyheatmap: 
Ultra fast low memory heatmap web interface for big data
genomics. PLoS ONE 12(5): e0176334. 52/76



Fernandez, N. F. et al. Clustergrammer, a web-based heatmap 
visualization and analysis tool for high-dimensional biological data. 
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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French, J.,  2017, Autoimage : multiple heat maps for projected 
coordinates, R.J. 9(1), 284-297.

 construction of heat maps for responses observed on regular or irregular grids, as well as 
non-gridded data, 

 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.

maximum daily surface air temperature (tasmax)
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Galili et al., 2018, heatmaply: an R package for creating interactive
cluster heatmaps for online publishing, Bioinformatics, 34(9), 2018, 
1600–1602.

https://cran.r-project.org/web/packages/heatmaply/vignettes/heatmaply.html
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Rebecca L. Barter , Bin Yu, 2017,  Superheat: an R package for creating 
beautiful and extendable heatmaps for visualizing complex data, 
Journal of Computational and Graphical Statistics, 
https://doi.org/10.1080/10618600.2018.1473780
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GAP Software verison 0.2.7

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

 Modules:
 Covaraite Adjusted.
 Proximity Modelling.
 Nonlinear Association Analysis.
 Missing Value Imputation.

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

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

Download

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. 
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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 

 KEGG (Kyoto 
Encyclopedia of 
Genes and genomes) 
metabolism 
pathways for yeast.

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

 (i, j) =1 : ith gene is 
involved in jth
pathway activities. 

1-Jaccard distance coefficient
Elliptical seriations
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MV for Nominal/Categorical Data
 Color-coding:

color version 
of relativity of 
a statistical 
graph still 
holds.

 Proximity:
for variables 
for subjects

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

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

 Cartography
GAP (Chen et 
al., 2005)

Concept of Categorical GAP with Gifi-Homals 

Close Distant

(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.

(2) Compute the 
Proximities for 2 Subjects 
as the  3D Euclidean 
Distances for the 2 
subjects from the 
Homals‘3 Dimensional 
Dual Space.

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

Obtain the Homals' 
3 Dimensional Dual 
Space Solution
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Wu HM, Tien YJ, Ho MR, Hwu HG, Lin WC, Tao MH, Chen CH, 2018
Covariate-adjusted heatmaps for visualizing biological data via correlation 
decomposition, Bioinformatics, 34(20):3529-3538. 60/76



Motivation: Covariate-adjusted

Psychosis Disorder Data
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z-score Significant Map

 This z-score significant map is helpful 
identifying variable pairs with the most 
significant differences in correlation before and 
after a covariate adjustment.

R R adj z
Dunn and 

Clark’s 
z test
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Elliptical Imputation of Missing Values

Step 0
Initial imputation
(1) pair-wise deletion
(2) column means  

Step 1
Reordering data matrix
(1) ellipse seriation
(2) other seriations

Step 2
Impute values
weighted trend methods

Step 3
Iterative procedure
Run step 1~2 until the 
ordering is not changed

Step 4
Evaluation

(1) Fit Regression

(2) Calculate weights

(3) Impute values
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Interactive Diagnostic System for Hierarchical Clustering 
Tree with Matrix Visualization 

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

(3) Output Distance Matrix (4) Stress Matrix

-1

0

1

-3 -2 -1 0 1

DL7AH6

DL8

DL3
BE4

AH3

AH4 DL6

DL9
DL10
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TH4
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BE2

TH1TH2
NA6

AH1AH2

NA1
NA3

NB3

NC1

NC2

NC3

ND1

ND2

DL1

NA2
NA4

NA5
NA7

NB2

NB4 ND3
ND4

NE1

TH3

TH5

AH5

DL4

DL5

BE3

TH6

TH7

TH8
NE2 NB1

Hierarchical Clustering Tree 
(HCT)

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

Statistical Modeling

(e.g., Cophenetic Matrix) (e.g., Residual Matrix)

Multidimensional Scaling
(MDS)
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The Challenge of Visualizing Big Data

> n <- 1e+02
> 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(x1~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)

> n <- 1e+02

> n <- 1e+08

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

a large p?
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The interval-valued symbolic data 66/76
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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.
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The histogram-valued symbolic data 70/76



The histogram-valued symbolic data 71/76
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Perspective 74/76



Conclusion

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

 MV is suggested as a preliminary step 
in 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! 76/76


