wuhm@g.nccu .edu .tw
http s://h mwu.idv.tw/
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(EDA)
EDA A The Doubs Fish Data,

: Anscombe's Quartet A The Datasaurus Dozen

Base graphics: Index Plot, Histogram

Heat Map: Data Image, Matrix Visualization

Heatmap : Microarray Data, Mobile Data
GAP: Covariate-adjusted heatmaps C
C
Nonlinear Association C
3D (rgl ) C
? tableplot ¢

(Symbolic Data): ggESDA

ISOMAP)

(Singular Value Decomposition, SVD)
(Principal Component Analysis, PCA)
(Multidimensional Scaling, MDS)

(Isometric Feature Mapping,
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EDA with R: Course Content

https://www.coursera.org/course/exdata
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Exploratory data analysis is an approach for summarizing
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Promoted by John Tukey, exploratory data analysis focuses
on exploring data to understand the data’s underlying
structure and variables, to develop intuition about the data
set, to consider how that data set came into existence, and
to decide how it can be investigated with more formal
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¢ The seminal work in EDA is Exploratory Data Analysis , Tukey, (1977). Over
the years it has benefitted from other noteworthy publications such as Data
Analysis and Regression , Mosteller and Tukey (1977), /nteractive Data
Analysis, Donald (1977), The ABC's of EDA, Velleman and Hoaglin (1981) and

has gained a large following as "the" way to analyze a data set.
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1. Exploratory Data Analysis

This chapter presents the assumptions, principles, and techniques necessary to

gain insight into data via EDA--exploratory data analysis.

1. EDA Introduction

1. What iz EDA?

2. EDA vs Classical & Bayesian
3. EDA vs Summary

4. EDA Goals

5. The Role of Graphics

6. An EDA/Graphics Example
7. General Problem Categories

3.EDA Techniques

1. Introduction

2. Analysis Questions

3. Graphical Techniques:
Alphabetical

4. Graphical Techniques: By
Problem Category

5. Quantitative Techniques

6. Probability Distributions

Detailed Chapter Table of Contents
References

Dataplot Commands for EDA Techniques

2. EDA Assumptions

1. Underlving Assumptions

2. Importance

3. Techniques for Testing
Assumptions

4. Interpretation of 4-Plot

5. Consequences

4. EDA Case Stndies

1. Introduction
2. By Problem Category

http://www.itl.nist.gov/div898/handbook/index.htm

A Cleveland, William(1993) Visualizing Data, Hobart Press.
A Barnett and Lewi§1994) Outliers in Statistical Data, 3rd. Ed., Johnanalysis, SpringeMerlag.

Wiley and Sons.

A Harris, Robert L(1996) Information Graphics, Management

Graphics.
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Selected References For EDA

A Anscombe, F. and Tukey, J. {#963) The Examination and
Analysis of Residuals, Technometrics, pp.-14D.

A Box, G. E. P. and Cox, D. R1964),An Analysis of
Transformations, Journal of the Royal Statistical Society, pp. 211
243, discussion pp. 24252.

A Wilk, M. B. and Gnanadesikan, RL968) Probability Plotting
Methods for the Analysis of Data, Biometrika, 5(5), pjl.al

A Anscombe, F1973) Graphs in Statistical Analysis, The American
Statistician, pp. 19499.

A Filliben, J. J(1975) The Probability Plot Correlation Coefficient
Test for Normality, Technometrics, pp. 1117.

A McNeil, Donald(1977) Interactive Data Analysis, John Wiley and
Sons.

A Tukey, Johr(1977) Exploratory Data Analysis, Addiséiesley.

A Velleman, Paul and Hoaglin, Dav(#i981) The ABC's of EDA:
Applications, Basics, and Computing of Exploratory Data Analysi
Duxbury.

A Wainer, Howarq1981) Visual Revelations, Copernicus.

A Tufte, Edward1983) The Visual Display of Quantitative
Information , Graphics Press.

A Chambers, John, William Cleveland, Beat Kleiner, and Paul Tuke
(1983) Graphical Methods for Data Analysis, Wadsworth.

A Cleveland, William(1985) Elements of Graphing Datg
Wadsworth.

A du Toit, Steyn, and Stumpi986) Graphical Exploratory Data

A Cleveland, William and Marylyn McGill, Editord 988) Dynamic
Graphics for Statistics, Wadsworth.


http://www.itl.nist.gov/div898/handbook/index.htm
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(Exploratory Data Analysis, EDA)

Exploratory data analysis

From Wikipedia, the free encyclopedia

In statistics, exploratory data analysis is an approach of analyzing data sets to summarize their main

WIKIPEDIA

A : characteristics, often using statistical graphics and other data visualization methods. A statistical model can
The Free Encyclopedia

be used or not, but primarily EDA is for seeing what the data can tell us beyond the formal modeling or
hypothesis testing task. Exploratory data analysis was promoted by John Tukey to encourage statisticians
to explore the data, and possibly formulate hypotheses that could lead to new data collection and
experiments. EDA is different from initial data analysis (IDA),[1] which focuses more narrowly on checking
assumptions required for model fitting and hypothesis testing, and handling missing values and making

transformations of variables as needed. EDA encompasses |IDA.

¢ EDA method is generally cross -classified in two ways:
Cc either non -graphical or graphical.
¢ either univariate or multivariate ( usually just bivariate).

¢ EDA is an iterative cycle.
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¢ Exploratory Data Analysis (EDA) is an approach/philosophy  for data analysis that employs a
variety of techniques (mostly graphical ) to

¢

O 0 0 0 0 00000000

summaries for large, complicated data  sets.

maximize insight into a data set,

discover underlying structure , patterns, features, trends, outliers, anomalies , and relationships in data .
refine your questions and/or generate new questions about your data .

helps determine how bestto manipulate data sources to get the answers you need
extract important variables

investigate the quality of your data: detect outliers and anomalies (detection of mistakes),
determine if the statistical techniques are appropriate ,

test a hypothesis, or check assumptions in statistical models,

develop parsimonious models ,,

determine optimal factor settings,

determine relationships among the explanatory variables, and outcome variables

Interaction between the researcher and the data.

Identifying the areas of interest .

C You should always look at every variable - you will learn something!



John Tukey (1915~2000): 11/224

G
c 1939 ( )
C A AT&T
( )A o
A

"An approximate answer to the right question is worth a great deal more
than a precise answer to the wrong question."

C (FFT)
C bit ( ) software( ).
C (Exploratory Data Analysis, EDA, 1977)

Source: http://www.unige.ch/ses/sococ/cl/bib/eda/tukey.html
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/ What Do They Say About EDA?

¢ Daniel Borcard , Francois Gillet, Pierre Legendre (2011 ):
c Afirst exploratory look at the data can tell much about them.

¢ Information about simple parameters and distributions ofvarlables IS

important to
consider in order to choose more ot
advanced analyses correctly. e egenre

c EDAIs often neglected by people who are eager to
jump to more sophisticated analyses. It should

have an important place.

Source: google images
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V|Sua| |Za.t|0n: Making things/processes/abstractionsisible (to transform into pictures) that
are not directly accessibleoy the human eye

Visualization = Graphing for Data + Fitting + Graphing for Model

( - - )

task
questions, goals
assumptions _
processing
( data algorithms

( ) ) physical data type

conceptual data type graphical marks

mapping
domain visual encoding

metadata
semantics
conventions

( ) https://geekplux.com/2017/01/01/basafsdatavisualizationthe-processmodel.html

U
https://www.inside.com.tw/2015/07/10/tellkthe-story-of-your-data



(Data Visualization)

Scientific Visualization, Information Visualization, Visual Analytics

Gonwsi  Conms  Sarfm
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(1): The Doubs Fish Data

¢ Fish communities were good biological indicators of these
water bodies: Verneaux (1973) (Verneaux et al. 2003)
proposed to use fish species to characterize ecological zones
along European rivers and streams. (River Doubs, )

¢ Verneaux proposed a typology in four zones, and he named
each one after a characteristic species:

¢ the trout ( ) zone (from the brown trout  Salmo trutta
fario),

¢ the grayling ( ) zone (from Thymallus),

¢ the barbell ( ) zone (from Barbus) and

¢ the bream ( : ) zone (from the common bream

Abramis brama).

¢ The two upper zones arSamaonidifsi)d
region " and the two lowermost ones constitute t h eQyprinid
( ) region N .

D. Borcard et al., Numerical Ecology with R, Use R, DOI 10.1007B481979766_2, © Springer
Science+Business Media, LLC 2011

Image Source:
http://www.qub.ac.uk/bimld/prodohl/TroutConcert/images/gallery/c_lagiadex0718-trout.jpg
http://www.bamboorods.ch/guiding/bilder/grayling2.jpg
https://en.wikipedia.org/wiki/Barbus_barbus#/media/File:Barbel.jpg
http://www.ultimateangling.co.za/index.php?topic=15775.0
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https://en.wikipedia.org/wiki/Doubs_(river)

, 18/224

f’\’/ The Doubs Fish Data:

3

¢ The Doubs data set have been collected at 30 sites along the Doubs River (near the
Francel Switzerland border in the Jura Mountains. )

¢ The corresponding ecological conditions, with much variation among rivers, range
from relatively pristine, well oxygenated and oligotrophic (
) to eutrophic ( ) and oxygen -deprived ( ) waters.

¢ DoubsSpe : contains coded abundances ( ) of 27 fish species.

¢ DoubskEnv : contains 11 environmental variables related to the hydrology,
geomorphology and chemistry of the  river.

¢ DoubsSpa : contains the geographical coordinates  (Cartesian, X and Y ) of the sites.

i} DeubsSpe.csy = @DoubsEnv.csv X i] DoubsSpa.csy =
i[, cm, TRy, DAL, LoC, OME, BLA, Ho= i[, das, alt, pen, dep,  pE, dur, = i, = v 2
z2l1, 0O, 3, 0, o, o, 0, 0, 1, 0.3, 934, 48, 0.84, 7.9, 45, 211, 88, 7
3z, 0O, 5, 4, 3, o, a, a, 3z, 2.2, 53z, 3, 1, 8, a0, 3z, 94, 14
a3, 0, 5, 5, 5, o, o, o, 4/ 3, 10.z, 914, 3.7, 1.8, 8.3, 52, 413, 1oz, 18
54, 0, a, 5, 5, 0, o, o, 504, 18.5, 854, 3.2, 2.53, 8, Tz, 54, 100, 28
&l 5, 0, 2, 3, 2, 0, a, a, Bl 5, 21.5, 8459, 2.3, 2Z.84, 8.1, 84, 6l 5, 106, 39
e, 0, 3, 4, 5, 0, 0, 0, I e, 32.4, 846, 3.2, 2.86, 7.9, B0, 7l e, 11z, 51
87, 0, 5, 4, 5, 0, o, o, B8l 7, 36.8, 841, 6.6, 4, 8.1, 88, gl 7, 114, &1
als, 0, 0, o, o, 0, o, o, Sl 8, 4%.1, 79z, 2.5, 1.3, 8.1, 24, gls8, 1lo, 7g
10| %, 0O, o, 1, 3, o, o, o, 10| %, 70.5, 75z, 1.2, 4.8, 8, 30, 1001 %, 136, 100
11|10, 0O, 1, 4, 4, o, o, o, 11| 10, 95, 6517, 9.9, 10, 7.7, 8Z, 11| 10, les, 11z
1211, 1, 3, 4, 1, 1, 0, 0, = 12|11, 123.4, 483, 4.1, [19.5, 8.1, 96,_IL| 12| 11, 1lgs, 130
Jd | _’l_l l | 4 13l 12. 205, 145 =
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/The Doubs Fish Data:

¢ Working with the environmental data available in the R package ade4 (version 1.4-14),
we corrected a mistake in the das variable and restored the variables to their original
units (Table 1.1.)

¢ Verneaux used a semi-quantitative, species -specific, abundance scale (0 t'5) so that
comparisons between species abundances make sense . (However, species-specific
codes cannot be understood as unbiased estimates of the true abundances (number
or density of individuals) or biomasses at the sites )

Table 1.1 Environmental variables of the Doubs data set used
in this book and their units

Variable Code Units
Distance from source das km
Altitude alt m a.s.l.
Slope pen Yoo
Mean minimum discharge deb m’s™
pH of water pH -
Calcium concentration (hardness) dur mgL™!
Phosphate concentration pho mgL™!
Nitrate concentration nit mg ™!
Ammonium concentration ammn mgL™!
Dissolved oxygen OXY mgL™!

Biological oxygen demand dbo mgL™!
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/ Data Extraction: Read Data

C ] ] .
¢ ( )
C .
C ( . )
C ( ) C )
G A : :
> # Load the required package , vegan: Community Ecology Package

> library(vegan)

# Load additionnal functions > library(ade4)

# (files must be in the working directory) > data(doubs)
source("panelutils.R") > ?2doubs

vV V. V

# Import the data from CSV files

# Species (community) data frame (fish abundances)
spe < - read.csv("DoubsSpe.csv", row.names=1)
# Environmental data frame

env < - read.csv("DoubsEnv.csv", row.names=1)

# Spatial data frame

spa < - read.csv("DoubsSpa.csv", row.names=1)

V VVVYVYVYV

Source Borcard D., Gillet F. & Legendre P. Numerical Ecology with R, Springer, 2011
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Specles Data: First Contact

Basic functions

> spe # Display the whole data frame in the console
CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE BAR SPI GOU BRO PER BOU PSO ROT
1 03000000000000O0O0O0O

> spe[1:5,1:10] # Display only 5 lines and 10 columns
CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE
10300000000

> head( spe) # Display only the first few lines
CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE BAR SPI GOU BRO PER BOU PSO ROT CAR
1030000000O0OO0OOOOOOO0OOO

> nrow ( spe) # Number of rows (sites)
[1] 30
> ncol (spe) # Number of columns (species)
[1] 27
> dim( spe) # Dimensions of the data frame (rows, columns)
[1] 30 27
> colnames (' spe) # Column labels (descriptors = species)
[1] "CHA" "TRU" "VAI" "LOC" "OMB" "BLA" "HOT" "TOX" "VAN" "CHE" "BAR" "SP!I"
> rownames ( spe) # Row labels (objects = sites)
[1]"1" 2" 3" "4" 5" " 7" "g" "9" "10""11""12""13""14"
> summary( spe) # Descriptive statistics for columns
CHA TRU VAI LOC OMB

Min. :0.00 Min. :0.00 Min. :0.000 Min. :0.000 Min. :0.00

1st Qu.:0.00 1st Qu.:0.00 1st Qu.:0.000 1st Qu.:1.000 1st Qu.:0.00
Median :0.00 Median :1.00 Median :3.000 Median :2.000 Median :0.00
Mean :0.50 Mean :1.90 Mean :2.267 Mean :2.433 Mean :0.50
3rd Qu.:0.75 3rd Qu.:3.75 3rd Qu.:4.000 3rd Qu.:4.000 3rd Qu.:0.75
Max. :3.00 Max. :5.00 Max. :5.000 Max. :5.000 Max. :4.00
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Overall Distribution of Abundances

(Dominance Codes)

Compare median and mean abundances. Are most distributions
symmetrical?

> # Minimum and maximum of abundance values in the whole data set
> range(spe)
[1]105
> # Count cases for each abundance class
> (ab< - table(unlist(spe)))
012 345
435108 87 62 54 64
> # Create a graphic window with title
> windows(title="Distribution of abundance classes") I Disuiibution of abundance classes (ACTIVE) =10l x|
>
> # Barplot of the distribution, all species confounded
> parplot(ab, las=1, xlab="Abundance class",

+ ylab="Frequency", col=gray(5:0/5)) 400

> # Number of absences N |

> sum(spe==0) : 300

[1] 435 = 200

> # Proportion of zeros in the community data set i

> sum(spe==0)/(nrow(spe)*ncol(spe)) 100 —

(110537037 . I
0 1 2 3 4 5

How do you interpret the high frequency
of zeros (absences) in the data frame?

Abundance class
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Species Data: A Closer Look

Map of the Locations of the Sites

> windows(title="Site Locations")

> # Create an empty frame (proportional axes 1:1, with titles)
> # Geographic coordinates x and y from the spa data frame
> plot(spa, asp=1, type="n", main="Site Locations",

+ xlab="x coordinate (km)", ylab="y coordinate (km)")

> # Add a blue line connecting the sites (Doubs river)

> lines(spa, col="light blue")

> # Add site labels

> text(spa, row.names(spa), cex=0.8, col="red")

> # Add text blocks

> text(50, 10, "Upstream", cex=1.2, col="red")

> text(30, 120, "Downstream”, cex=1.2, col="red") 2
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; Reconstruction

24/224
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= Maps of Some Fish Species

|
From these graphs you should understand
why these four species were chose as
ecological indicators.

> # New graphic window (size 9x9 inches)
> windows(title="Species Locations", 9, 9)
> par(  mfrow =c(1,4))

> # Plot four species

>xl< - "xcoordinate (km)",

> yl <- "ycoordinate (km)"

> plot(spa, asp=1, col="brown", cex =spe$TRU, main="Brown trout", xlab =xlI, ylab =yl )
> lines(spa, col="light blue", lwd =2)

> plot(spa, asp=1, col="brown", cex =spe$OMB main="Grayling", xlab =xI, ylab =yl )

> lines(spa, col="light blue", lwd =2)

> plot(spa, asp=1, col="brown", cex =spe$BAR, main=" Barbel ", xlab =xI, vylab =yl )

> lines(spa, col="light blue", lwd =2)

> plot(spa, asp=1, col="brown", cex =spe$BCO, main="Common bream", xlab =xI, ylab =yl )
> lines(spa, col="light blue", lwd =2)

I Species Locations (ACTIVE)

o [=] 3

Brown trout Grayling Barbel Common bream
[} [} [} [}
Lo L — L — L —
[} [} [} [}
3 P = —] T = —] i 3 —
= i = o = o e = o
— = S — 5 Pl —_ L3
E E E E
= o = O jj = O /(j((\ = O —(((\
P o 2 o PR PR
& & # & &
[ ~ [ [ [
E 8 . T 3 T 3 T 8 4
o _— o _— o _— o -—
2 % ? 2 2 2
- - - - _| - - _| - - _|
Lo Lo Lo Lo
[} o - o - o -
I T T T T T T T T T T I T T T T T I T T T T T
0 &0 100 150 200 280 0 50 100 150 200 250 0 50 100 150 200 280 0 &0 100 150 200 280

¥ coordinate (km) % coordinate (km) % coordinate (km) ¥ coordinate (km)

Bubble maps of the abundance of four fish species



‘ . 26/224
Compare Species:
Number of Occurrences

At how many sites does each species occur? Calculate the relat
frequencies of species (proportion of the number of sites) and pl
histograms

> # Compute the number of sites where each species is present
> # To sum by columns, the second argument of apply(), MARGIN, is set to 2
> spe.pres< - apply(spe >0, 2, sum)
> # Sort the results in increasing order
> sort(spe.pres)
PCH CHA OMB BLA BCO BBO TOX BOU ROT ANG HOT SPI CAR GRE PSO BAR ABL PER TRU TAN
7 8 8 8 910 11 11 11 11 12 12 12 12 13 14 14 15 17 17
VAN BRO GAR VAI GOU LOC CHE
18 18 18 20 20 24 25
> # Compute percentage frequencies
> spe.relf < - 100*spe.pres/nrow(spe)
> # Round the sorted output to 1 digit
> round(sort(spe.relf), 1)
PCH CHA OMB BLA BCO BBO TOX BOU ROT ANG HOT SPI CAR GRE PSO BAR
23.326.7 26.7 26.7 30.0 33.3 36.7 36.7 36.7 36.7 40.0 40.0 40.0 40.0 43.3 46.7
ABL PER TRU TAN VAN BRO GAR VAI GOU LOC CHE
46.7 50.0 56.7 56.7 60.0 60.0 60.0 66.7 66.7 80.0 83.3
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Compare Species:

Number of Occurrences

> # Plot the histograms

> windows(title="Frequency Histograms",8,5)

> # Divide the window horizontally

> par(mfrow=c( 1, 2))

> hist(spe.pres, main="Species Occurrences", right=FALSE, las=1,

+ xlab="Number of occurrences", ylab="Number of species",

+ breaks=seq(0,30,by=5), col="bisque")

> hist(spe.relf, main="Species Relative Frequencies", right=FALSE,

+ las=1, xlab="Frequency of occurrences (%)", ylab="Number of species",
+ breaks=seq(0, 100, by=10), col="bisque")

-'F-" Frequency Histograms (ACTIVE) - |I:I|i|
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Ti.g Compare Sites: Species Richness

Now that we have seen at how many sites each species is prese
we may want to know how many species are present at each site
(species richness)

> # Compute the number of species at each site
> # To sum by rows, the second argument of apply(), MARGIN, is set to 1
> sit.pres < - apply(spe >0, 1, sum)
> # Sort the results in increasing order
> sort(sit.pres)
8122337 910111213 42425 614 51516263017 202227281819
0133455666688 81010111117 212122222222222323

2129
23 26




Compare Sites: Species Richness

29/224

> windows(title="Species Richness", 10, 5)

> par(mfrow=c(1,2))

> # Plot species richness vs. position of the sites along the river

> plot(sit.pres,type="s", las=1, col="gray",

+ main="Species Richness vs. \ n Upstream - Downstream Gradient",
+ xlab="Positions of sites along the river", ylab="Species richness")

> text(sit.pres, row.names(spe), cex=.8, col="red")

> # Use geographic coordinates to plot a bubble map

> plot(spa, asp=1, main="Map of Species Richness", pch=21, col="white",

+ bg="brown", cex=5*sit.pres/max(sit.pres), xlab="x coordinate (km)",

+ ylab="y coordinate (km)")
> lines(spa, col="light blue")
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j Compute Alpha Diversity Indices
of the Fish Communities

301224

diversity {vegan}

Finally, one can easily compute classical
diversity indices from the data. Let us

do it with the functiordiversity() Description

Of thevegan paCkage. Shannon, Simpson, and Fisher diversity indices and rarefied species richness for community
ecologists.
Usage

diversity(x, index = "shannon", MARGIN = 1, base = exp(l))

Ecological Diversity Indices and Rarefaction Species Richness

R Documentation

> # Get help on the diversity() function

> ?diversity

>

>NO < - rowSums(spe > 0) # Species richness

>H< - diversity(spe) # Shannon entropy

>N1l< - exp(H) # Shannon diversity (number of abundant species)
> N2 < - diversity(spe, "inv") # Simpson diversity (number of dominant species)
>J< - H/log(NO) # Pielou evenness

>E10< - N1/NO # Shannon evenness (Hill's ratio)

>E20 < - N2/NO # Simpson evenness (Hill's ratio)

> (div< - data.frame(NO, H, N1, N2, E10, E20, J))

NO H N1 N2 E10 E20 J
1 10.000000 1.000000 1.000000 1.0000000 1.0000000 NaN
2 31.077556 2.937493 2.880000 0.9791642 0.9600000 0.9808340
3 41.263741 3.538634 3.368421 0.8846584 0.8421053 0.9115962
4 81.882039 6.566883 5.727273 0.8208604 0.7159091 0.9050696
5 11 2.329070 10.268387 9.633333 0.9334897 0.8757576 0.9712976
6 10 2.108294 8.234184 7.000000 0.8234184 0.7000000 0.9156205




Transformation and Standardization =~ 3Y224

of the Species Data

¢ The decostand() function of the vegan package provides many options for
common standardization of ecological data.

¢ Inthis function, standardization, as contrasted with simple transformation (such as
square root, log or presence Irabsence), means that the values are not transformed
individually but relative to other values in the data table.

¢ Standardization can be done relative to sites (site profiles), species (species profiles),
or both (double profiles), depending on the focus of the analysis .

> # Get help on the decostand() function
> ?decostand

> ## Simple transformations decostand {vegan} R Documentation
> # Partial view of the raw data (abundance codes)
> spe[l:5, 2:4]

Standardization Methods for Community Ecology

TRU VAI LOC Description
1300 The function provides some popular (and effective) standardization methods for community
e ecologists.
> # Transform abundances to presence - absence (1 -0) Usage
>spe.pa< - decostand(spe, method="pa")

. . decostand{x, method, MARGIN, range.global, loghase = 2, na.rm=FALSE, ...)

> spe.pa[l:5, 2:4] nisconsin(x)

TRU VAI LOC

1100




Transformation and Standardization
of the Species Data

32/224

> Species profiles: 2 methods: presence - absence or abundance data
> ## Species profiles: standardization by column
> # Scale abundances by dividing them by the maximum value for each species
> # Note: MARGIN=2 (column, default value) for this method
>spe.scal< - decostand(spe, "max")
> spe.scal[1:5,2:4]
TRU VAI LOC
10.60.00.0

> # Display the maximum by column
> apply(spe.scal, 2, max)
CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE BAR SPI GOU BRO PER BOU PSO ROT CAR TAN
1111111111111 1111111
BCO PCH GRE GAR BBO ABL ANG
1111111
> # Scale abundances by dividing them by the species totals
> # (relative abundance by species)
> # Note: MARGIN=2 for this method
> spe.relsp <- decostand (spe, "total", MARGIN=2)
> gpe.relsp  [1:5,2:4]
TRU VAI LOC
1 0.05263158 0.00000000 0.00000000

> # Display the sum by column

> apply( spe.relsp , 2, sum)

CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE BAR SPI GOU BRO PER BOU PSO ROT CAR TAN BCO
111111111111 111111111

PCH GRE GAR BBO ABL ANG
111111




. 33224
Scale Abundances by Dividing Them

by the Site Totals

> ##  Site profiles : 3 methods; presence - absence or abundance data
> ## standardization by row
> # Scale abundances by dividing them by the site totals
> # (relative abundance, or relative frequencies, per site)
> # (relative abundance by site)
> # Note: MARGIN=1 (default value) for this method
> spe.rel < - decostand(spe, "total")
> spe.rel[1:5,2:4]
TRU VAI LOC
1 1.00000000 0.00000000 0.00000000

> # Display the sum of row vectors to determine if the scaling worked properly

> apply(spe.rel, 1, sum)
1234567 8910111213141516171819202122232425262728
1111111011111111111111111111

29 30
11
> # Give a length of 1 to each row vector (Euclidean norm) ) _ )
> spe.norm < - decostand(spe’ "norma”ze") The ChOI’d tl’anSfOFmatIOI’lZ the EUC“dean d|Stance
> spe.norm[1:5,2:4] function applied to chortransformed data
TRU VAl LOC produces a chord distance matrix. Useful before
1 1.0000000 0.0000000 0.0000000 PCA and Kmeans.

> # Verify the norm of row vectors

>norm < - function(x) sqrt(x%*%x)

> apply(spe.norm, 1, norm)

1234567 8910111213141516171819 202122 232425262728
1111111011172 121111111111111111

29 30

11




Compute Relative Frequencies 34/224

= | .
k-/ by Rows (Site Profiles)

¢ The Hellinger transformation can be also be obtained
by applying the chord transformation to squieret
transformed species data.

> # Compute relative frequencies by rows (site profiles), then square root
> # Compute square root of relative abundances by site
> spe.hel < - decostand(spe, "hellinger")
> spe.hel[1:5,2:4]
TRU VAI LOC
1 1.0000000 0.0000000 0.0000000
2 0.6454972 0.5773503 0.5000000
3 0.5590170 0.5590170 0.5590170
4 0.4364358 0.4879500 0.4879500
5 0.2425356 0.2970443 0.2425356
> # Check the norm of row vectors
> apply(spe.hel, 1, norm)
1234567 891011121314151617 18192021 22232425262728
1111111011111111111111111111
29 30
11

http://artax.karlin.mff.cuni.czfhelp/library/analogue/html/tran.html



Standardization by Both Columns
and Rows

35224

> # Chi - square transformation
> spe.chi< - decostand(spe, "chi.square”)
> spe.chi[1:5,2:4]

TRU VAI LOC
1 4.1969078 0.0000000 0.0000000
2 1.7487116 1.2808290 0.9271402
31.3115337 1.2007772 1.1589253
4 0.7994110 0.9148778 0.8829907
5 0.2468769 0.3390430 0.2181506
> # Check what happened to site 8 where no species was found
> spe.chi[7:9,]

CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE BAR SPI GOU BRO
7 01.311534 0.9606217 1.1589253 0 O O 00.302004 0.2646384 0 0 0 O
8 00.000000 0.0000000 0.0000000 0O O O 00.0000000.0000000 0 0 0 O
9 00.000000 0.2744634 0.7946916 0 O O 00.0000001.5122194 0 0 O O
PER BOU PSO ROT CAR TAN BCO PCH GRE  GAR BBO ABL ANG
7 0 0 0O 0O 00.0000000 0 O 00.000000 0 0 O
8 00 0O 0O 00.0000000 0 O 00.000000 0 0 O
9 0 00 0 003373903 0O O 01.140587 0 0 O
> # Wisconsin standardization
> # Abundances are first ranged by species maxima and then by site totals
> spe.wis < - wisconsin(spe)
> spe.wis[1:5,2:4]
TRU VAI LOC

1 1.00000000 0.00000000 0.00000000
2 0.41666667 0.33333333 0.25000000
3 0.31250000 0.31250000 0.31250000
4 0.19047619 0.23809524 0.23809524
5 0.05882353 0.08823529 0.05882353
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s 36/224
Boxplots of Transformed Abundances
of a Common Species (Stone Loach)

> windows(title="Loach")

> par(mfrow=c(1,4))

> boxplot(spe$LOC, sqrt(spe$LOC), loglp(spe$LOC), las=1, main="Simple transformation”,

+ names=c("raw data", "sqrt", "log"), col="bisque")

> boxplot(spe.scal$LOC, spe.relsp$LOC, las=1, main="Standardization by species",

+ names=c("max", "total"), col="lightgreen")

> boxplot(spe.hel$LOC, spe.rel$LOC, spe.norm$LOC, las=1, main="Standardization by sites",
+ names=c("Hellinger", "total", "norm"), col="lightblue")

> boxplot(spe.chi$LOC, spe.wis$LOC, las=1, main="Double standardization",

+ names=c("Chi - square", "Wisconsin"), col="orange")

I Loach (ACTIVE) - 0| x|
Simple transformation Standardization by species Standardization by sites Double standardization
1.2 S
5 —_ 1.0 —_— —_1 —_
a a 0% a |
! ! e ! 1.0 !
4 08 1 0s - ' ! !
' 0 :
3 06 04
06
— 0.3 7 RE
2 7 ' 0.4 i
o 1 —
0.2 0.4
i
" : 027 : 014 02 '
| | i | i i
I I 1 I 1 I
D — —_] R E— R S DD — —_ ; DD — R S R — R S DD —
I I I I I I I I I I
rawi data sort log max total Hellinger  total narm Chi-sguare YWisconsin

Boxplots of transformed abundances of a common species, Nemacheilus barbatulus (stone loas



s 37/224

T“N; Plot Profiles Along the

Upstream-Downstream Gradient

Another way to compare the effects of transformations on species profiles is to
plot them along the river course

[ Species profiles (ACTIVE) _ o x| IR Species profiles (ACTIVE) _ o x|

Raw data Site profiles (Hellinger)
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Plot Profiles Along the
Upstream-Downstream Gradient

38224

> windows(title="Species profiles", 9, 9)
> plot(env$das, spe$TRU, type="1", col=4, main="Raw data",
+ xlab="Distance from the source [km]", ylab="Raw abundance code")

> lines(env$das, spe$OMB, col=3) ; lines(env$das, spe$BAR, col="orange")

> lines(env$das, spe$BCO, col=2) ;lines(env$das, spe$LOC, col=1, Ity="dotted")

>

> plot(env$das, spe.scal$TRU, type="I", col=4, main="Species profiles (max)",

+ xlab="Distance from the source [km]", ylab="Standardized abundance")

> lines(env$das, spe.scal$OMB, col=3) ;lines(env$das, spe.scal$BAR, col="orange")

> lines(env$das, spe.scal$BCO, col=2) ;lines(env$das, spe.scal$LOC, col=1, Ity="dotted")

> plot(env$das, spe.hel$TRU, type="I", col=4, main="Site profiles (Hellinger)",
+ xlab="Distance from the source [km]", ylab="Standardized abundance")

> lines(env$das, spe.hel$OMB, col=3) ; lines(env$das, spe.hel$BAR, col="orange")

> lines(env$das, spe.hel$BCO, col=2) ; lines(env$das, spe.hel$LOC, col=1, Ity="dotted")

>

> plot(env$das, spe.chi$TRU, type="I", col=4, main="Double profiles (Chi - square)",
+ xlab="Distance from the source [km]", ylab="Standardized abundance")

> lines(env$das, spe.chi$OMB, col=3) ;lines(env$das, spe.chi$BAR, col="orange")

> lines(env$das, spe.chi$BCO, col=2) . lines(env$das, spe.chi$LOC, col=1, Ity="dotted")

> legend("topright”, c("Brown trout”, "Grayling", "Barbel", "Common bream", "Stone loach"),

+ col=c(4,3,"orange",2,1), lty=c(rep(1,4),3))
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Bubble Maps of

Some Environmental Variables

39224

> windows(title="Bubble maps", 9, 9)
> par(mfrow=c(1,4))
> plot(spa, asp=1, main="Altitude", pch=21, col="white",
+ bg="red", cex=5*env$alt/max(env$alt), xlab="x", ylab="y")

> lines(spa, col="light blue", lwd=2)

> plot(spa, asp=1, main="Discharge", pch=21, col="white",

+ bg="blue", cex=5*env$deb/max(env$deb), xlab="x", ylab="y")
> lines(spa, col="light blue", lwd=2)

> plot(spa, asp=1, main="0Oxygen", pch=21, col="white",
+ bg="green3", cex=5*env$oxy/max(env$oxy), xlab="x", ylab="y")
> lines(spa, col="light blue", lwd=2)

> plot(spa, asp=1, main="Nitrate", pch=21, col="white",
+ bg="brown", cex=5*env$nit/max(env$nit), xlab="x", ylab="y")
> lines(spa, col="light blue", lwd=2)

Apply the basic functions tenv .
While examining thasummary() ,
note how the variables differ from
the species data in values and
spatial distributions. Draw maps of
some of the environmental
variables.
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Examine the Variation of Some Descriptors Along the

Stream: Line Plots

> windows(title="Descriptor line plots")

> par(mfrow=c(1,4))

> plot(env$das, env$alt, type="I", xlab="Distance from the source (km)",
+ ylab="Altitude (m)", col="red", main="Altitude")

> plot(env$das, env$deb, type="1", xlab="Distance from the source (km)",
+ ylab="Discharge (m3/s)", col="blue", main="Discharge")

> plot(env$das, env$oxy, type="I", xlab="Distance from the source (km)",
+ ylab="0Oxygen (mg/L)", col="green3", main="0Oxygen")

> plot(env$das, env$nit, type="I", xlab="Distance from the source (km)",
+ ylab="Nitrate (mg/L)", col="brown", main="Nitrate")
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Scatter Plots for All Pairs of
Environmental Variables

> windows(title="Bivariate descriptor plots")
> source(" panelutils.R ")

>o0p< - par( mfrow=c(1,1), pty ="s")
> pairs(  env, panel= panel.smooth
diag.panel =panel.hist

main="Bivariate Plots with

Histograms and Smooth Curves")

> par(op)

Do many variables
seem normally
distributed?

Do many scatter plots
show linear or at least
monotonic
relationships?
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F’f Bivariate descriptor p lots (ACTIVE)

Bivariate Plots with Histograms and Smooth Curves
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Simple Transformation of An 42/224

Environmental Variable

¢ Simple transformations, such as the log transformation, can be used to improve the
distributions of some variables (make it closer to the normal distribution).

¢ Because environmental variables are dimensionally  heterogeneous (expressed in different
units and scales), many statistical analyses require their standardization to zero mean and
unit variance. These centred and scaled variables are called z-scores.

> range(env$pen)

[1] 0.2 48.0

> # Log - transformation of the slope variable (y = In(x))

> # Compare histograms and boxplots of raw and transformed values

> windows(title="Transformation and standardization of variable slope™)

> par(mfrow=c(1,4))

> hist(env$pen, col="bisque", right=FALSE)

> hist(log(env$pen), col="light green", right=F, main="Histogram of In(env$pen)")
> boxplot(env$pen, col="bisque", main="Boxplot of env$pen”, ylab="env$pen")
> boxplot(log(env$pen), col="light green”, main="Boxplot of In(env$pen)",

+ ylab="log(env$pen)")

-'F-" Transformation and standardization of variable slope (ainactive) — |E| |i|
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Standardization of
All Environmental Variables
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> # Center and scale = standardize variables (z - scores)
>env.z< - decostand(env, "standardize")
> apply(env.z, 2, mean) # means =0
das alt pen deb pH dur
1.000429e -16 1.814232e -18 -1.659010e -17 1.233099e -17 -4.096709e -15 3.348595e
pho nit amm oxy dbo
1.327063e -17 -8.925898e -17 -4.289646e -17 -2.886092e -16 7.656545e - 17
> apply(env.z, 2, sd) # standard deviations = 1

das alt pen deb pH dur pho nit amm oxy dbo
11111111111
>

> # Same standardization using the scale() function (which returns a matrix)

>env.z< - as.data.frame(scale(env))
> env.z
das alt pen deb pH dur
1 -1.34949526 1.667360909 5.14106053 -1.18004457 -0.8635475 -2.436958124

2 -1.33585215 1.659991358 -0.05737533 -1.17120570 -0.2878492 -2.733425049

-16
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¢ The EDA tools allow researchers to obtain a general impression of their data.

¢ Information about simple parameters and distributions of variables is
important to consider in order to choose more advanced analyses correctly.

¢ Graphical representations may help generate hypotheses about the
processes acting behind the scene.

¢ EDA is often neglected by people who are eager to jump to more
sophisticated analyses.

C : Doubs Fish Data
?

try heatmap!
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David Robinson A A
A Android

- Donald J. Tru - Donald J. Tr

flé Good luck ifé Heading to

talking aba
pic.twitter.c SHORT CIH

27,391

Todd Vaziri

@tvaziri

Every non-hyperbolic tweet is from iPhone (his staff).

Every hyperbolic tweet is from Android (from him).
3:20 PM - 6 Aug 2016

« t39629 W 13227

Twitterdd & 2538 | | Z #329 BIZE HiPhonefAndroid F#ls » BBV ABEARME - (

/ Bl DZone)

iIPhone

AMSy

> &
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- | BEBEER L8 ; MithABNIR s B X B8 1E ~Fahh L8

0 5 10 1
Hour of day (EST)
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MIENRBI2HTE » 01F LARBAndroid FRENENIKEIAZEER £ > B3 BiPho
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- BEHEERES - thEEARAEEEE

Donald J. Trump ¥ Follow
@realDonaldTrump

"@trumplican2016: @realDonaldTrump @DavidWoh! stay the
course mr trump your message is resonating with the PEOPLE"
12:00 AM - 28 Jul 2016

4+« 136751 24843

Whether tweets start with a quotation mark (%)

Number of tweels

v -
Andrond Pnone

/I BEHEN S B AES (5% - (B / #1fEDZone)

- B FRE - Diflink URB R

Donald J. Trump = W Follo

@ roaDenaid Tramp

Thank you Windham, New Hampshire! #TrumpPence 18 MMAGA
10:19 PM - 8 Aug 2016 - Windham, N, Uniled States
« Vaves V2034

Donald J. Trump © ¥ Folio

ow
@reaDonaidTrump

The media is going crazy. They totally distort so many things on
purpose. Crimea, nucioar, “the baby” and so much more. Very
dishonest!

531 PM - 7 Aug 2010

« TS0 waam

/Link

Numbor of tweets

NIERHEX RO AlinkBURE R (AZEF) - 2KEiPhonefEX BB RE - BIfE R - (B

/ ##@DZone)
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C tidytext

Emotion Association

0

¢ Android

YA 321
207
C Poisson test
Android
95%
Android

B>

NRC Word -
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4901 | |
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¢
£
§
&
AR

iPhone J | | |

[ a0 8% 120%
% increase in Androd relative to iPhone

12095%= B[R B2k & 2K & Android ik L BB E ARERGE - (B / HlHEDZone)
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Text Analysi s of Tru
with R Code

@ Dzone@ Big Data Zone Over 2 million developers have joined [

REFCARDZ RESEARCH WEEBINARS Agie Al Big Data Cloud Database DevOps Integration 10T Jawva Microservices Open Source Performar

DZone » Big Data Zone » Text Analysis of Trump's Tweets Confirms He Writes Only the (Angrier) Android Half

Text Analysis of Trump's Tweets Confirms
He Writes Only the (Angrier) Android Half

Using R (particularly the twitteR package) author David Robinson tests the theory that the
tone of Donald Trump's tweets depends on which device it was typed on.

e}
-

©J Like (38) 4 Comment{2) T7 Save W Tweet @ 22 88K Views

https:/Hzone.com/articles/texdnalysisof-trumpstweetsconfirmshewrites

the majority of the tweets from thyghoneare fairly the dataset
benign declarations. but consider cases like these, bthst, weiretrieve the content of donald trump's timeline using the 1serineline function in the twitter
posted from aiphone package:

likbrary(dplyr)
library(purrr})
‘== Donald J. Trump library(twitter)
(& @realDonaldTrump

# vou'd need to set global options with an authenticated app

Like the worthless @NYDailyNews, looks lke @politico will be setup twitter mauth(getoption{"Cwitter consumer key'],
going out of business. Bad reporting- no money, no cred! getoption("twitter conswrer sscret”,

. getoption("cwitter access token”),

8:00 AM - 10 Feb 2016 getoption("twitter sccess_token secret™))
« 1t%2146 W 6,963
# we can reguest only 3200 tweets at a time; it will return fewer
# depending on the api

trump_tweets <- usertimeline|"realdonaldtrump®”, n = 3200)

trump tweets df <- thl df (map dfitrump tweets, as.data.frame))
| Donald J. Trump L L _ L _

@realDonaldTrump
# if you want to follow along without setting up twitter authentication,

Failing @NYTimes will always take a good story about me and & U A Y (R,

X . . ) . load(url ("http://variancesxplained. org/files/ trunp_twests df.rda”))
make it bad. Every article is unfair and biased. Very sad!
12:11 PM - 20 May 2016 - United States, United States

+ 133782 W 12463
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N/ Why Data Visualization?

¢ Itis 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.

I I I v .
| . . " 5 . 5 » 5 Mean of xin each ca§69 (exact)
1 10  s.04 10] 9.14 10] 746 ] 658) Sample variance of Xn each casetl (exact)
2 8 6.95 8 8.14 8 6.77 8 5.76 : .
. G s G sl G L s 7| Mean ofyineach casel.50(to 2 decimal places)
4 o ssl o 877 5| 711 s ssa| Sample variance of yin each caset.1220r 4.127(to
5 1] 833 11] 926 11 781 8| 847l 3 decimal places)
6 14 9.96 14 8.1 14 8.84 8 7.04 . .
7 LY s 613 s eos s 25 Correlation between x andy in each casSe316(to 3
8 4l 426 4 3.1 4| 539 19| 125 decimal places)
9 12| 1084 12| 9.3 12| 815 8§ 556 |inear regression linein each case; = 3.00 +
10 7 4.82 7 7.26 7 6.42 8 7.91
1 5| 568 s am s 573 s g9l 0.500X(to 2 and 3 decimal places, respectively)

https://en.wikipedia.org/wiki/Anscombe's_quartet
http://ryanwomack.com/IASSIST/DataViz/
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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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anscombe {datasets}
Anscombe'sQu ar t et

of

55224

Ol denRegresaidn® Si

par (mfrow=c(2, 2))

> head( anscombe, 3)
x1x2x3x4 yl y2 y3 vy4

1 101010 8 8.049.14 7.46 6.58

2 8 88 8695814 6.77 5.76

regplot< - function(x, y){
plot(y~x)
abline(Im(y~x), col="red")

}

3 131313 8 7.588.7412.74 7.71

mapply(regplot, anscombe|, 1:4], anscombe][, 5:8])

> apply(anscombe, 2, mean)

x1 X2 x3 x4 yl y2 y3 y4
9.000000 9.000000 9.000000 9.000000 7.500909 7.500909 7.500000 7.500909
> apply(anscombe, 2, sd)

x1 X2 x3 x4 yl y2 y3 y4
3.316625 3.316625 3.316625 3.316625 2.031568 2.031657 2.030424 2.030579
> mapply(cor, anscombel[,1:4], anscombe[,5:8])

x1 X2 x3 x4
0.8164205 0.8162365 0.8162867 0.8165214
> mapply(function(x, y) Im(y~x)$coefficients, anscombe[, 1:4], anscombe[, 5:8])
x1 X2 X3 x4

11

(Intercept) 3.0000909 3.000909 3.0024545 3.0017273
X 0.5000909 0.500000 0.4997273 0.4999091

boxplot(anscombe)

4 56 7 8 9

15

10
1

o]

W — o



20 40 B0 8O 100
| | | l

0

60 80 100
| | | | |

20 40

0

s 56/224

The DatasaurusDozen

install.packages (" datasauRus ")

Kty X Mean: 54.26

| * 6t Y Mean: 41 .83
R SR Y. 80 : 1B.76

o o oo*° %
ot BN Y SD : 26.93

femes e Corr. : -0.06

.~ LY
®g 0 00 .‘O..
. s

Justin Matejka and George Fitzmaurice, Same Stats, Different Graphs: Generating Datasets with Varied Appearance and
Identical Statistics through Simulated Annealintips:/fdl.acm.org/doi/10.1145/3025453.3025912
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More examples
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Infovis and Statistical Graphics: 58224

Different Goals, Different Looks

Journal of Computational and Graphical  Statistics , Volume 22, 2013 - Issue 1

¢ Infovis and Statistical Graphics: Different Goals, Different Looks
Andrew Gelman & Antony Unwin, Pages. 2-28

¢ InfoVis Is So Much More , Robert Kosara, Pages: 29-32 i

A.Unwin

COMPUTATIONAL AND
GRAPHICAL STATISTICS

‘i{gi

(Editors)

¢ InfoVis and Statistical Graphics: Comment m
Paul Murrell, Pages : 33-37 Handbook g
¢ Graphical Criticism: Some Historical ~ Notes ‘Dr,?:a“zation

Hadley Wickham , Pages. 38-44

¢ Tradeoffs in Information  Graphics
Andrew Gelman & Antony Unwin , Pages. 45-49 2 springer
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Microsoft Excel

https//products.office.com/ztw/excel

N

O b e Ch.03_DesignTab - Microsot Excel Chart Tools
3 k
) Mome  lmet  Pagelmout  Formolas  Data  Revew  View  Adddm  Devign  lwout | Format
PiotArea - m—— - Qaswaerme A -
33 Formet Seecion @ aoc | fame| |ac | s | [ane| - @sneneoutine- /A Z :
Hn raten styie — - — o Snape Eftects + -
k= e K 5 D —
A B c D E F G H [} J K L M N o P Q R S T
1 Two Trees Olive Oil | 7= — —
2 World-wide Sales - Millions of Dollars Domestic
3
K Domestic Total
5 Jan 80 60 110) 250
6 Feb 180 80 120} 320
7 Mar| 135 0 110} 315
8 Ax| 130 100 120 3%
9 May 140 % 140, 370
10 Jun 170 100 130| 400
1 M 150 120 145 ass
12 Avg 210 130 160) 500
7 Sep 160 140 185) 435
" Oct 210 130 180] s20
15 Nov 250 123 150  ses
16 Dex, 300 135 200 635
7
® Total 2108 1,29 179 5,185
19
20 wof Total 406% 249% 345%

plotly: Modern Visualization for the Data Era

https://plot.ly/

SAS Visual AnalyticS™

https://www.sas,com/en_us/software/visaakblyt
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Tableau

https://www.tableau.com/
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D3, https//d3js.org/ ~ Google Chart
:/ldevelopers.goagle.com/chart/interactive/docs/gallery

Our gallery provides a variety of charts designed to address your data visualization needs. These charts are based on
pure HTMLE/SVG tachnology (adepting YML for old IE versionsh, so no plugins are required. All of them are interactive,
and many are pannable and zoomable. Adding these charts to your page can be done in a few simple steps.

3‘ Data-Drlven Documents

AN ~

Some additional community-contributed charts can be found on the Additional Charts page

Geo Chart Scatter Chart Column Chart

w5 hhilk

Histogram Bar Chart Combo Chart

v Bl e 2 B
. ° = i
o s 7 WULL e i
i \ =
> > !
: ‘ il /
3 ~ - ; N e |
4 2 ) 3 = ; ‘
y
[ [ [ [ ] | |
Like visualization and creative coding? Try interactive JavaScript notebooks in Observable! FEEEEE B
_IENENENESEN

LEETRDC ™
D3.js is a JavaScript library for manipulating documents based on data. D3 helps you bring data to See more examples. Area Chart Stepped Area Chart Line Chart

life using HTML, SVG, and CSS. D3's emphasis on web standards gives you the full capabilities of
modern browsers without tying yourself to a proprietary framework, combining powerful visualization

Download the latest version (5.1.0) here: . . o N % 4,—1 j<><
Python
https://www.python.org/

10 Useful Python Data Visualization Libraries for Any Discipline
- matplotlib, Seaborn, ggplot, Bokeh, pygal, Plotly,

geoplotlib,Gleam, missingno, Leather
https://blog.modeanalytics.com/pythdatavisualizationlibraries/
https://www.digitalvidya.com/blog/populdypesof-datavisualizations/
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Brown
I

CRAN Task View Graphic Displays & el T - Q
Dynamic Graphics & Graphic Devices & - —_— D . E = o

— - - = 2
Visualization e .I N - =+ =
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yes
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0

http://cran.fproject.org/web/views/Graphics.html

Plots:

assocplot : Association F
barplot : Bar Plots

boxplot : Box Plots

cdplot : Conditional Dens
contour : Display Contour_
coplot : Conditioning Plots
curve : Draw Function Plots
dotchart : Cleveland's Dot Plots
filled.contour : Level (Contour) Plots
fourfoldplot : Fourfold Plots

hist : Histograms

image : Display a Color Image .
matplot : Plot Columns of Matrices s o0 o @ 2 0oz o4 s pca e
mosaicplot : Mosaic Plots o 2 e P
pairs : Scatterplot Matrices @7 Qf : é E N M% ] J T % e
persp : Perspective Plots e 3 "] s 1

pie : Pie Charts l— &} i % ; i

plot : Generic XY Plotting

smoothScatter : Scatterplots with Smoothed
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Densities Color Representation 10 P— i

spineplot  : Spine Plots and Spinogrgms 0 W o u ﬂ M M
stars : Star (Spider/Radar) Plots and Segment Diagrams s ™ SRR R M j Mm

stem : StemandLeaf Plots 0s e ? ? 2 Ee P .

stripchart  : 1-D Scatter Plots 02 2 k - — L .‘ ..J - ?E
nflowerplot  : Pr nflower r Pl 00 00 g3 g j ﬁﬂﬁl - .
sunflowerplo oduce a Sunflower Scatter Plot T "] f | ,}J E -
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R ?

Ris a high-quality, cross -platform, flexible, widely used open
source, free language for statistics, graphics, mathematics,
and data science.

The R Project for Statistical ¢
Q Computing

Getting Started ¢ Rcontains more than 5,000 algorithms (>10,000 packages)

R is a free software environment for statistical computing and graphics. It ¢ HTR H H H
variety of UNIX platforms, Windows and MacOS. To download R, please g and m|”|0nS Of USers Wlth domaln knOW|edge WOfIdWlde.

CRAN mirror.

Download
CRAN

R Project

http://  www.r - project.org
https://www.rstudio.com / Robert c. Gentleman

Department of Biostatistical Sciences,
D Farber Cancer Institute

Y

https://medium.com/datainpoint/9ee15b&8c

Pythonor R, what should you learn fif&st
https//read01.com/OePnyD.html#.Wu66C&Y

Why | use R for Data Scien¢eAn Ode toR
https://www.rbloggers.com/why-user-for-datasciencean-odeto-r-2/

R 4
https:/fead01.com/660M4g.html

R 4

https:/fead01.com/yyREB2.html
Hadley Wickhant R
https:/fead01.com/Mmy64J.html
HadleyWickham: 'R is ... tailored to
theproblems of data sciente

COPSS Presidents’ Award: Hadley Wickham

SEPTEMBER 2, 2019 pOSitm ROSSIhaka

University of Auckland, 2017

Hadley Wickham wins the prestigious 2019 COPSS Presidents” Award
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= What is ggplot2

‘ ggplot2 e
AR BEHAYER2E
ggplot2 275 27 E S RAV—EBUERE T R/LA8E T - ggplot2diHadley Wickham7E2005 58135 « BB AR AlFT %
HEAE { BIFEREE S — —{EEET R iR HEZEY ( Grammar of Graphics — a general scheme for data

visualization) FEEIE M EER (MRE - BE) 1788 - ggplotZ_JLM’E%Rmm%@%lﬁﬁ’]ﬁﬁ:' [FlHFggplot2
| BEERAZEHIRIREE RS - B2005F L5 » ggplot T B RA R H S BUIHIR B — -

COPSS Presidents’ Award
= » 1981: Peter J. Bickel, University of California, Berkeley

Hadley Wickham l vl Uilkien » 1982: Stephen Fienberg, Carnegie Mellon University
- » 1983: Tze Leung Lai, Stanford University
The Grammar .
of Graphics .
Second Edition ) )
s 2012 Samuel Kou, Harvard University -

o 2013: Marc A. Suchard, UCLA

s 2014 Martin J. Wainwright, University of California, Berkeley
» 2015: John D. Storey, Princeton University

+ 2016: Nicolai Meinshausen, ETH Ziirich

o 2017: Tyler J. Vander\Weele, Harvard University

+ 2018: Richard J. Samwaorth, University of Cambridge

The principle that a plot: « 2019: Hadley Wickham, RStudio, Inc.

» 2020: Rina Foygel Barber, University of Chicago

PlOt — data + aesthetics + geometr). 2021: Jeffrey T. Leek, Johns Hopkins University

@ Springer
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Why ggplot2?

More elegant & compact code than base graphics.

More aesthetically pleasing than base graphics.

Very powerful for exploratory analysis.

Supports a continuum of expertise .

Easy to get started, plenty of power for complex figures.
Publication -quality figures.

Excellent themes can be created with a single command.
Its colors are nicer and more pretty than the usual graphics.
Easyto visualize data with multiple variables.

Provides a platform to create simple graphs providing plethora of
_information.
i Manual:http://had.co.nz/ggplot2/

A
A Introduction:

http://www.ling.upenn.edu/~joseff/rstudy/summer2010 ggplot2 intro.html
A
A

Book: http://had.co.nz/ggplot2/book/

R Graphics :
R Graphics Cookbookittp://www.cookbookr.com/Graphks

Cookbook

O'REILLY



http://had.co.nz/ggplot2/
http://www.ling.upenn.edu/~joseff/rstudy/summer2010_ggplot2_intro.html
http://had.co.nz/ggplot2/book/
http://www.cookbook-r.com/Graphs/

ggthemes

Extra Themes, Scales aneomsfor 'ggplot2'

65224

# install.packages
library(  ggthemes )

sp <- ggplot (iris,

spl< - sp +
sp2< - sp +
sp3< - sp +
spd< - sp +
Sp5< - sp +

(" ggthemes ")

aes (x= Sepal.Length

theme_tufte () + labs(title="
theme_economist
theme_stata () + labs(title="
theme_hc () + labs(title="
theme_wsj () + labs(title="

grid.arrange (sp, spl, sp2, sp3, sp4, sp5,

, y=Sepal.Width

, color=Species

tufte ") # a minimalist theme

() + labs(title="economist")

stata ")

hc") # Highcharts JS
wsj ") # Wall Street Journal

nrow =2,

ncol =3)

) +

geom_point ()




