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EDA with R: Course Content
= Making exploratory graphs
= Principles of analytic graphics

= Plotting systems and graphics
devicesin R

= The base, lattice, and ggplot2
plotting systems in R

m  Clustering methods

n Dimension reduction
techniques
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Video Lectures

Discussion Forums

EXERCISES
Quizzes
Course Projects

swirl Exercises

ABOUT THE COURSE

Han-Ming Wu

Exploratory Data Analysis
##% Roger D. Peng, PhD, Jeff Leek, PhD, Brian Caffo, PhD

Video Lectures

Having trouble viewing lectures? Try changing players. Your current player format is html5.
flash.

15] v Background Material

Installing R on Windows (3.2.1) =EE L

Installing R on a Mac (3.2.1) EE L
v Installing R Studio (Mac) =EE L

Setting Your Working Directory (Windows) EEX

Setting Your Working Directory (Mac) == -‘&
v Week 1

Introduction == -t

[
|
[l
][}
ke

Principles of Analytic Graphics [12:11]

Exploratory Graphs (part 1) [9:28]

ke ke ke Be

le
]
|

Exploratory Graphs (part 2) [5:13]

Plotting Systems in R [9:34]

Base Plotting System (part 1) [11:20]

Exploratory Data
Analysis with R

Roger D. Peng

https://www.youtube.com/playlist?1list=PL;j TIxb-wKvXPhZ7tQwIlROtFjorSj9tUyZ

Roger Peng

EH A

Show Multivariate Data
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Exploratory Data Analysis
HRoger Pengsk s - 29 8/ H - BBRE ¢ 6,450 - FXERFEN] : 2014475250
> SRR

< DE + b

https://hmwu. 1dv.tw




F_;?Q %

N/
b
b

'

g k¥l

/ o

g y
-

UDACITY Nanodegree  Catalog Sign In Sign Up
l. ._. -
L L e'er . e
o o0 1 - @
it A .. Syllabus

Data Analysis with R
Visually Analyze and f &
Summarize Data Sets

Lesson 1: What is EDA? (1 hour)
we'll start by learn about what exploratory data analysis (EDA) is and
armazing instructors for the course and find out about the course struct

Lesson 2: R Basics (3 hours)

Start Free Course EDA, which comes before formal hypothesis testing and modeling, mak

[ ] ] Intermediate 2 Approx.2 months and summarize data sets. R will be our tool for generating those visuals
Assumes shi/wk (work Startfree course lesson, we will install RStudio and packages, learn the layout and basic

at your own pace)

sitty face % Join 41,351 Students % Free basic R scripts, and inspect data sets.
;"“get Lesson 3: Explore One Variable (4 hours)
Instructor videos
¥ Learn by doing exercises and view L . E | T V H bl h
Course Summary oy ‘ esson 4: Explore Two Variables (4 hours)
project instructions
Exploratory data analysis is an approach for summarizing LeSSCIn 5: Explore Many Variables (4 hOl.II'S)
and visualizing the important characteristics of a data set.
d by Joh ki I d lysis f . . . g
rromoted by Jonn | key, exploratory data analysis foeLises Lesson 6: Diamonds and Price Predictions (2 hours)

oh 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

Final Project (10+ hours)

to decide how it can be investigated with more formal

statistical methods.
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Explore Statistics with R

Learn basic statistics in a practical, experimental
way, through statistical programming with R, using
examples from the health sciences.

5% Karolinska
?%'“ < Institutet

Moy

5 10. 16 20 25 30

About this course

Do you want 1o learn how to harvest health science data from the Internet? Or learn 1o understand the world
through data analysis? Starl by learning R Statistics!

Skilled professionals who can process and analyze data are in great demand today. In this course you will

() See more

What you'll learn

* How to use R o perform basic statistical analyses
* Why R has become the tool of choice in bicinformatics, health sciences and many other fields
* How to use peer reviewed packages for solving problems at the frontline of health science research

* How to make a suitable choice between a few common statistical methods, based on the type of problem
and a given data set

Self-Paced

¥ | would like to recere email fram Kb

karolinska Institutet and learm about its other

programs

Effort

Price:

B € B

Institution:

L

Subject

Lewel:

*

Languages:

0

widen
Transcripts:

(=

8 hoursiweek

FREE

kKl

Data Analysis &
Statistics

Introductory

English

English

Share this course with a friend

00000

#F: = KMOOC EBE : Coursera ~ Udacity ~ edX EL#R
http://www.owstartup.com/2014/05/30/coursera-edx-udacity-review/
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John W. Tukey

EXPLORATORY DATA
ANALYSIS

Frederick Mosteller
John W Tukey

DATA ANALYSIS
AND REGRESSION

(i
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pplications,
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Paul F. Velleman David C. Hoaglin

m  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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NIST [ P ENGINEERING STATISTICS HANDBOOK
SEMATECH [HOME [TOOLS & AIDS SEARCH BACK NEXT

|HANDBOOK CHAPTERS

W 1. Explore 1. Exploratory Data Analysis

W 2. Measure

@ 3. Characterize

W 4. Model This chapter presents the assumptions, principles, and techniques necessary to
W 5. Improve gain ingight into data via EDA--exploratory data analysis.

B 6. Monitor

W 7. Compare 1. EDA Introduction 2. EDA Assumptions

W 8. Reliability

1. What is EDA? 1. Underlying Assumptions

[HOW TO USE HANDBOOK

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

2. Importance
3. Techniques for Testing

ITooLs & AIDS 4. EDA Goals Assumptions

SEARCH HANDBOOK 5. The Role of Graphics 4. Interpretation of 4-Plot
6. An EDA/Graphics Example 5. Consequences

|DETAILED CONTENTS 7. General Problem Categories

|ACKNOWLEDGMENTS

3. EDA Techniques 4. EDA Case Studies

1. Introduction

2. Analysis Questions

3. Graphical Techniques:
Alphabetical

4. Graphical Techniques: By
Problem Category

5. Quantitative Techniques

6. Probability Distributions

1. Introduction
2. By Problem Category

Detailed Chapter Table of Contents
References

Dataplot Commands for EDA Techniques

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

Cleveland, William (1993), Visualizing Data, Hobart Press.

Barnett and Lewis (1994), Outliers in Statistical Data, 3rd. Ed., John
Wiley and Sons.

Harris, Robert L. (1996), Information Graphics, Management
Graphics.
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Selected References For EDA

Anscombe, F. and Tukey, J. W. (1963), The Examination and
Analysis of Residuals, Technometrics, pp. 141-160.

Box, G. E. P. and Cox, D. R. (1964), An Analysis of
Transformations, Journal of the Royal Statistical Society, pp. 211-
243, discussion pp. 244-252.

Wilk, M. B. and Gnanadesikan, R. (1968), Probability Plotting
Methods for the Analysis of Data, Biometrika, 5(5), pp. 1-19.
Anscombe, F. (1973), Graphs in Statistical Analysis, The American
Statistician, pp. 195-199.

Filliben, J. J. (1975), The Probability Plot Correlation Coefficient
Test for Normality, Technometrics, pp. 111-117.

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

Tukey, John (1977), Exploratory Data Analysis, Addison-Wesley.
Velleman, Paul and Hoaglin, David (1981), The ABC's of EDA:
Applications, Basics, and Computing of Exploratory Data Analysis,
Duxbury.

Wainer, Howard (1981), Visual Revelations, Copernicus.

Tufte, Edward (1983), The Visual Display of Quantitative
Information, Graphics Press.

Chambers, John, William Cleveland, Beat Kleiner, and Paul Tukey,
(1983), Graphical Methods for Data Analysis, Wadsworth.
Cleveland, William (1985), Elements of Graphing Data,
Wadsworth.

du Toit, Steyn, and Stumpf (1986), Graphical Exploratory Data
Analysis, Springer-Verlag.

Cleveland, William and Marylyn McGill, Editors (1988), Dynamic
Graphics for Statistics, Wadsworth.




The R Series

Displaying Time
Series, Spatial, and
Space-Time Data

Data Analysis and
Graphics Using R

John Maindonald and John Braun Oscar Perpifian Lamiguelro

Dianne Cook
Deborah F. Swayne Deepayan Sarkar
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Exploratory Multivariate Analysis
by Example Using R

Frangois Husson, Sébastien Lé,
and Jérome Pages

Pro
Data Visualization

using R and JavaScript

Apress

Using R

and

RStudio

for Data Management,

Statistical

Analysis,

and Graphics

Second. Edition

Q) springer

The Grammar
of Graphics
Second Edition




Second Edition

MAKING SENSE
OF DATA |

A Practical Guide
to Exploratory Data Analysis
and Data Mining

GLENN |. MYATT
WAYNE P JOHNSON

WILEY

MAKING SENSE OF DATA I

GLENN |. MYATT
WAYNE P. JOHNSON

MAKING SENSE
OF DATA 11

GLENN |. MYATT
WAYNE P. JOHNSON

FIWILEY

Computer Science and Data Analysis Series

Lxploring and Explaining Dater with
the Processing Envfronment

Visualizing
Data

O'REILLY*

Data
Vlsuahzatlon

Leam to:
‘meaningful ilustrations
utlnm-num of data

« Craate eye-catching visualizations.
and infagraphics

+ Make your data stand out in o crowd

IN FULL COLOR!

Mico Yuk
Stephanie Diamond
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DATA VISUALIZATION
PRINCIPLES AND PRACTICE

SECOND EDITION

ALEXANDRU C. TELEA

Exploratory Data Analysis
with MATLAB®

Second Edition y 2R

Wendy L. Martinez \
Angel R. Martinez
Jeffrey L. Solka
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fﬁ")p Statistical Discovery™ From SAS.

Source: http://www.jmp.com/en us/software/jmp.html
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Others: Fathom (Keypress), Data Explorer
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Others

Fathom (Keypress)
* Data Explorer
* http://factominer.free.fr/
* FactoMineR is an R package dedicated to multivariate Exploratory Data Analysis.

http://www.tableau.com/new-features/9.0
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The Best Data Visualization Tools for Big Data, http://www.scriptiny.com/2013/09/best-data-visualization-tools-big-data/

= Tableau, Birst, QlikView, SAP BusinessObjects

2015 Best TopTen Data Visualization Software, http://data-visualization-software-review.toptenreviews.com/

= Advizor, Birst, Datawatch, Pentaho Software, SAP Lumira, SAS Visual Analytics, Tableau, Targit, TIBCO Spotfire,
ZingChart

The 14 best data visualization tools, http://thenextweb.com/dd/2015/04/21/the-14-best-data-visualization-tools/

m  D3js, FusionCharts, Chart.js, Google Charts, Highcharts, Leaflet, dygraphs, Datawrapper, Tableau, Raw, Timeline
JS, Infogram, Plotly, ChartBlocks

The 37 best tools for data visualization, http://www.creativeblog.com/design-tools/data-visualization-712402

= Dygraphs, ZingChart, InstantAtlas, Timeline, Exhibit, Modest Maps, Leaflet, WolframAlpha, Visual.ly, Visualize Free,
Better World Flux, FusionCharts, jgPlot, Dipity, Many Eyes, D3,js, JavaScript InfoVis Toolkit, jpGraph, Highcharts,
Google Charts, Excel, CSV/JSON, Crossfilter, Tangle, Polymaps, OpenLayers, Kartograph, CartoDB, Processing,
NodeBox, R, Weka, Gephi, iCharts, Flot, Raphaél, jQuery Visualize

39 Data Visualization Tools for Big Data, https://blog.profitbricks.com/39-data-visualization-tools-for-big-data/

= Polymaps, NodeBox, Flot, Processing, Processingjs.org, Tangle, D3,js, FF Chartwell, Google Maps, SAS Visual
Analytics, Raphael, Inkscape, Leaflet, Crossfilter, OpenLayers, Kartograph, Microsoft Excel, Modest Maps,
CartoDB, Google Charts, Gephi, Flare, Envision.js, Miso, The R Project, Tableau Public, Timeline JS, Quadrigram,
Prefuse, Many Eyes, Cytoscape, NetworkX, Arbor,js, iCharts, Databoard, Q Research Software, Dapresy, Visualize
Free, Jolicharts

Top Data Visualization Software Products, http://www.capterra.com/data-visualization-software/
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John W. Tukey is the first statisticians to provide a detailed
description of exploratory data analysis (EDA).

Y72
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$HEHER

s SEARREREBIIEEIB(FFT) -

s EliEDbit (izyt) & software(ige) -

oo =5,

s FRERMUMEBER DT (Exploratory Data Analysis, EDA, 1977)

i 2

P

Source: http://www.unige.ch/ses/sococ/cl/bib/eda/tukey.html
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Stanford Linear Accelerator (1973)
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§ Ex[oloratory Data Analysis (EDA) is an approach/philosophy

graphical) to

Source: http://www.itl.nist.gov/div898/handbook/eda/section1/edall.htm

data analysis that employs a variety of techniques (mostly

maximize insight into a data set;

uncover underlying structure;

extract important variables;

detect outliers and anomalies (detection of mistakes);
test underlying assumptions;

develop parsimonious models (preliminary selection of
appropriate models);

determine optimal factor settings;
determine relationships among the explanatory variables; and

assess the direction and rough size of relationships between
explanatory and outcome variables.

https://hmwu. 1dv.tw



= Goal: geta general sense of the data
= means, medians, quantiles, histograms, boxplots

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

s Data-driven (model-free)
m Think interactive and visual

= Humans are the best pattern recognizers
= You can use more than 2 dimensions!
m X, Y, Z, space, color, time....
m Especially useful in early stages of data mining
s detectoutliers (e.g. assess data quality)
m test assumptions (e.g. normal distributions or skewed?)
» identify useful raw data & transforms (e.g. log(x))

s Bottom line: it is always well worth looking at your data!

Source: http://www2.research.att.com/~volinsky/DataMining/Columbia2011/Slides/Topic2-EDAViz.ppt
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Defined EDA as detective work -
numerical detective work - or counting
detective work - or graphical detective
work.

Any method of looking at data that does
not include formal statistical modeling
and inference falls under the term EDA.

Before 1970, computers were not widely
available, the data sets tended to be
somewhat small. Nowadays, EDA
engaged in computationally intensive
methods for pattern discovery and
statistical visualization.

The philosophy of EDA is the same - that
those engaged in it are data detectives.

https://hmwu. 1dv.tw
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m HartW|g and Dearing (1979) specify two
principles for EDA: skepticism and openness.

This might involve EXPLORATORY
= visualization of the data to look for anomalies or DATA
patterns, ANALYSIS i ‘
= the use of resistant (or robust) statistics to FREDERICK HARTWIG
summarize the data, PR sy
= openness to the transformation of the data to L T n e
in the Social Sciences

gain better insights, and
= the generation of models. e 131

s Chatfield (1985):

= EDA emphasis on starting with the noninferential
approach in data analysis.

= the need for looking at how the data were
collected, what are the objectives of the analysis.

* Chatfield, C. 1985. The initial examination of data, Journal of the Royal Statistical Society, A, 148:214-253
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= Hoaglin (1982): EDA encompasses four themes:

m Resistant: data analysis methods where an arbitrary change in a data
point or small subset of the data yields a small change in the result.
= robustness

m Residuals: what we have left over after a summary or fitted model has
been subtracted out. (residual = data - fit.)

m Residuals should be looked at for lack of fit, heteroscedasticity (nonconstant
variance), nonadditivity, and other interesting characteristics of the data.

m Re-expression: the transformation of the data to some other scale
that might make the variance constant, might yield symmetric
residuals, could linearize the data, or add some other effect.

m The goal of reexpression for EDA is to facilitate the search for structure, patterns,
or other information.

= Display: visualization techniques for EDA.

= Often the only way to discover patterns, structure, or to generate hypotheses is
by visual transformations of the data.

* Hoaglin, D. C. 1982. Exploratory data analysis, in Encyclopedia of Statistical Sciences, Volume 2, Kotz, S. and N. L. Johnson, eds.,
New York: John Wiley & Sons.
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= Daniel Borcard, Francois Gillet, Pierre Legendre (2011):

» A first exploratory look at the data can tell much
about them.

= Information about simple parameters and
distributions of variables is important to
consider in order to choose more

advanced analyses correctly. el
Pierre Legendre

. Numerical

= EDA is often neglected by people Ecology with R

who are eager to jump to more
sophisticated analyses. It should
have an important place.

iSpringer

https://hmwu. 1dv.tw



= Howard J. Seltman (2015), Experimental Design and Analysis.

» EDA need not be restricted to techniques you have seen
before; sometimes you need to invent a new way of
looking at your data.

= You should always perform appropriate EDA before
further analysis of your data.

m Perform whatever steps are necessary to become more
familiar with your data, check for obvious mistakes,
learn about variable distributions, and learn about
relationships between variables.

= EDA is not an exact science, itis a very important art!

https://hmwu. 1dv.tw
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s The EDA approach is precisely that--an approach--not a
set of techniques, but an attitude/philosophy about how a
data analysis should be carried out.

f

8)
§

s EDA is not identical to statistical graphics (two terms are used
almost interchangeably. )
m Statistical graphics is a collection of techniques--all
graphically based and all focusing on one data
characterization aspect.

m EDA is an approach to data analysis that postpones the usual
assumptions about what kind of model the data follow with
the more direct approach of allowing the data itself to reveal
its underlying structure and model.

= EDA is a philosophy as to how we dissect a data set;
what we look for; how we look; and how we interpret.

Source: http://www.itl.nist.gov/div898/handbook/eda/
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o Statlstlcs and data analysis procedures can broadly be split into

two parts:

= Graphical techniques include scatter plots, histograms,
probability plots, residual plots, box plots, block plots.

o : Data Science Process
= Quantitative techniques

. L. Exploratory
are the set of statistical Data

. nalysis
procedures that yield
numeric or tabular Raw
Output: hypothesis Collected Processed Dataset

testing, analysis of

Models &
' ' i lgorith
variance, point estimates Algorithms

and confidence

Communicate

. ¥ - R Make
intervals, least squares f_ s Decisions
regression (classical -

ana |ys | S) . Source: https://en.wikipedia.org/wiki/Exploratory data analysis
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= The main role of EDA is to open-mindedly explore:

= Plotting the raw data (such as data traces, histograms,
bihistograms, probability plots, lag plots, block plots, and
Youden plots.

= Plotting simple statistics such as mean plots, standard
deviation plots, box plots, and main effects plots of the raw
data.

m Positioning such plots so as to maximize our natural pattern-
recognition abilities, such as using multiple plots per page.

f

8)
§

= The graphical tools are the shortest path to gaining
insight into a data set in terms of
m testing assumptions, model selection, model validation,

estimator selection, relationship identification, factor effect
determination, outlier detection.
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0 The four types of EDA:

= Non-graphical methods generally involve calculation of summary statistics, while
graphical methods obviously summarize the data in a diagrammatic or pictorial
way.

s Univariate methods look at one variable (data column) at a time, while
multivariate methods look at two or more variables at a time to explore
relationships.

m Perform univariate EDA on each of the components of a multivariate
EDA before performing the multivariate EDA.

s Each of the categories of EDA have further divisions based 0 f, he

(outcome or explanatory) and type, (categorical or qu_
variable(s) beina examined. |

'''''

L -

Source: google images
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= Much of the quality of scientific work is determined by the
quality of the hypotheses and models used by the
researcher. Can data analysis help suggest hypotheses?

= Data analysis tools are typically used for Hypothesis testing
and Parameter estimation.

= Graphics tools are typically used for presentation.

%
&

= Quantitative statistics are incomplete:

= The numeric summaries focus on a particular aspect of the
data (e.g., location, intercept, slope, degree of relatedness,
etc.) by judiciously reducing the data to a few numbers.

= Doing so also filters the data, necessarily omitting and
screening out other sometimes crucial information.
(misleading at worst)

https://hmwu. 1dv.tw




‘O

f "3
-‘a. % % =
Al

= The primary goal of EDA is to maximize the analyst's
Insight into a data set and into the underlying structure of
a data set, while providing all of the specific items that an
analyst would want to extract from a data set, such as:

a good-fitting, parsimonious model,
a list of outliers,

a sense of robustness of conclusions,
estimates for parameters,
uncertainties for those estimates,

a ranked list of important factors,

conclusions as to whether individual factors are statistically
significant, and

optimal setting.
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= The objectives of EDA

m Suggest hypotheses about the causes of observed
phenomena.

= Assess assumptions on which statistical inference will be
based.

= Support the selection of appropriate statistical tools and
techniques.

m Provide a basis for further data collection through surveys or
experiments.

= Many EDA techniques have been adopted into data
mining, as well as into big data analytics. They are also
being taught to young students as a way to introduce
them to statistical thinking.

Source: https://en.wikipedia.org/wiki/Exploratory data analysis
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» Insight into the Data

= Insight implies detecting and uncovering underlying
structure in the data.

m Graphics are irreplaceable--there are no quantitative
analogues that will give the same insight as well-chosen
graphics.

f

8)
§

"Feel" for the data

m The "feel" for the data comes almost exclusively from the
application of various graphical techniques.

= [|tis not enough for the analyst to know what is in the data;
the analyst also must know what is not in the data.

= The only way to do that is to draw on our own human
pattern-recognition and comparative abilities in the context
of a series of judicious graphical techniques applied to the
data.
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o Conflrmatory data analysis (CDA): data analysis thatis
mostly concerned with statistical hypothesis testing,
confidence intervals, estimation, etc.

s EDA and CDA should be used in a complementary way:

= The analyst explores the data looking for patterns and
structure that leads to hypotheses and models.

= Hartwig and Dearing (1979): [xmnnmas !
= CDA: the one that answers questions such as DATA

"Do the data confirm hypothesis XYZ?" ANALYSIS ‘ i

m EDA: tends to ask "What can the data tell me FRECERICK HANTWIO

with BRIAN E. DEARING

about relationship XYZ?"

Series: Quantitative Applications
in the Social Sciences

@n SAGE UNIVERSITY PAPER 18
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» Tukey (1980) presents a typical straight-line
methodology for CDA:
State the questions to be investigated.
Design an experiment to address the questions.
Collect data according to the designed experiment.
Perform a statistical analysis of the data.
Produce an answer.

%

bk wh =

= To incorporate EDA, Tukey revises the first two steps
as follows:
1. Start with some idea.
2. lterate between asking a question and creating a
design.

Tukey, J.W. (1962) The future of data analysis, Annals of Mathematical Statistics 33(1), pp. 1-67.
Tukey, J.W. (1980, page 24), We need both exploratory and confirmatory, The American Statistician, 34(1) pp. 23-25
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= Summary

= A summary analysis is simply a numeric reduction
(summary table, e.g., mean and sd) of a historical data
set. Its focus is in the past.

= Summary statistics are passive and historical.

= Exploratory

» EDA desires to gain insight into the
engineering/scientific process behind the data.

= |In an attempt to "understand" the process and improve
it in the future, EDA uses the data as a "window" to peer
into the heart of the process that generated the data.

m EDA is active and futuristic.
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m Three popular data analysis approaches,
classical, exploratory, Bayesian, are similar in
that they all start with a general
science/engineering problem and all yield
sclence/engineering conclusions.

m Classical analysis:
Problem — Data — Model — Analysis — Conclusions

s EDA:

Problem — Data — Analysis = Model — Conclusions

= Bayesian:

Problem — Data — Model — Prior Distribution — Analysis —
Conclusions

https://hmwu. 1dv.tw
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m Classical analysis:

= the data collection is followed by the imposition of a model
(normality, linearity, etc.) and the analysis, estimation, and testing
that follows are focused on the parameters of that model.

n EDA:
= the data collection is followed immediately by analysis with a goal of
inferring what model would be appropriate.
= Bayesian analysis:

= the analyst attempts to incorporate scientific/engineering
knowledge/expertise into the analysis by imposing a data-
independent distribution on the parameters of the selected model.

= the analysis consists of combining both the prior distribution on
the parameters and the collected data to jointly make inferences
and/or test assumptions about the model parameters.

f

St
S
~F Z

= |nthe real world, data analysts freely mix elements of all of the
above three approaches (and other approaches).
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s EDA vs classical, differ at (1) Models, (2) Focus, (3) Techniques, (4)
Rigor, (5) Data Treatment, and (6) Assumptions.

m Classical

m The classical approach imposes models (both deterministic and
probabilistic) on the data.

= Deterministic models include, for example, regression models and
analysis of variance (ANOVA) models.

= The most common probabilistic model assumes that the errors
about the deterministic model are normally distributed--this
assumption affects the validity of the ANOVA F tests.

= Exploratory

= EDA does not impose deterministic or probabilistic models on the
data.

= EDA allows the data to suggest admissible models that best fit the
data.
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m Classical

» the focus is on the model--estimating parameters of the
model and generating predicted values from the model.
m Classical techniques are generally quantitative in nature.

= e.g., ANOVA, t tests, chi-squared tests, and F tests.

= Exploratory

m the focus is on the data--its structure, outliers, and models
suggested by the data.

= EDA techniques are generally graphical.

m e.g. scatter plots, character plots, box plots, histograms,

bihistograms, probability plots, residual plots, and mean
plots.
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m Classical
m Classical techniques serve as the probabilistic foundation of
science and engineering;

= the most important characteristic of classical techniques is
that they are rigorous, formal, and "objective".

f

8)
§

= Exploratory
= EDA techniques do not share in that rigor or formality.

m EDA techniques make up for that lack of rigor by being very
suggestive, indicative, and insightful about what the
appropriate model should be.

m EDA techniques are subjective and depend on interpretation
which may differ from analyst to analyst, although
experienced analysts commonly arrive at identical
conclusions.
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m Classical

m Classical estimation techniques have the characteristic of
taking all of the data and mapping the data into a few
numbers ("estimates").

= These few numbers focus on important characteristics
(location, variation, etc.) of the population.

= Concentrating on these few characteristics can filter out
other characteristics (skewness, tail length, autocorrelation,
etc.) of the same population.

m In this sense there is a loss of information due to this
"filtering" process.

f

8)
§

= Exploratory
s EDA often makes use of (and shows) all of the available data.
= In this sense there is no corresponding loss of information.
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m Classical

m Classical tests depend on underlying assumptions (e.q.,
normality), and hence the validity of the test conclusions
becomes dependent on the validity of the underlying
assumptions.

= The exact underlying assumptions may be unknown to the
analyst, or if known, untested.

» Thus the validity of the scientific conclusions becomes
intrinsically linked to the validity of the underlying
assumptions.

= In practice, if such assumptions are unknown or untested, the
validity of the scientific conclusions becomes suspect.

f

8)
§

= Exploratory

= Many EDA techniques make little or no assumptions--they
present and show the data--all of the data.
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Source: http://bioinformatics.sdstate.edu/users/gex/index/indexfiles/chl.pdf
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= UNIVARIATE
= Data: A single column of numbers, Y.
s Model: y = constant + error
s Output:

= A number (the estimated constant in the model).
= An estimate of uncertainty for the constant.
= An estimate of the distribution for the error.

s Techniques: 4-Plot (run sequence plot, lag plot, histogram, normal
probability plot.), Probability Plot, PPCC Plot (Probability Plot
Correlation Coefficient Plot)

= CONTROL
= Data: A single column of numbers, Y.
s Model:y = constant + error
s Output: A "yes" or "no" to the question "Is the system out of control?".

s Techniques: Control Charts.

Source: http://www.itl.nist.gov/div898/handbook/eda/section1/edal 7.htm
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= COMPARATIVE

= Data: A single response variable and k independent variables (Y, X1,
X2, ..., Xk), primary focus is on one (the primary factor) of these
independent variables.

s Model:y=f(x1, x2, ..., xk) + error

s Output: A "yes" or "no" to the question "Is the primary factor
significant?".

s Techniques: Block Plot, Scatter Plot, Box Plot

= SCREENING
= Data: A single response variable and k independent variables (Y, X1,
X2, ..., XK).
s Model:y=f(x1, x2, ..., xk) + error
s Output:
= A ranked list (from most important to least important) of factors.

m Best settings for the factors.
m A good model/prediction equation relating Y to the factors.

= Techniques: Block Plot, Probability Plot, Bihistogram

Source: http://www.itl.nist.gov/div898/handbook/eda/section1/edal 7 .htx
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= OPTIMIZATION
= Data: A single response variable and k independent variables (Y, X1,
X2, ..., XK).
s Model:y=f(x1, x2, ..., xk) + error
s Output: Best settings for the factor variables.
s Techniques: Block Plot, Least Squares Fitting, Contour Plot

= REGRESSION

= Data: A single response variable and k independent variables (Y, X1,
X2, ..., Xk). The independent variables can be continuous.

s Model:y=f(x1, x2, ..., xk) + error
s Output: A good model/prediction equation relating Y to the factors.
s Techniques: Least Squares Fitting, Scatter Plot, 6-Plot

Source: http://www.itl.nist.gov/div898/handbook/eda/section1/edal 7.htm

https://hmwu. 1dv.tw




N TIME SERIES

= Data: A column of time dependent numbers, Y. In addition, time is an
independent variable. The time variable can be either explicit or implied.
If the data are not equi-spaced, the time variable should be explicitly
provided.

s Model: yt = f(t) + error,

The model can be either a time domain based or frequency domain based.

= Output: A good model/prediction equation relating Y to previous values
of Y.

m Techniques: Autocorrelation Plot, Spectrum, Complex Demodulation
Amplitude Plot, Complex Demodulation Phase Plot, ARIMA Models.

= MULTIVARIATE
= Data: k factor variables (X1, X2, ..., Xk).
s Model: The model is not explicit.
» Output: Identify underlying correlation structure in the data.

m Techniques: Star Plot, Scatter Plot Matrix, Conditioning Plot, Profile Plot,

Principal Components, Clustering, Discrimination/Classification
Source: http://www.itl.nist.gov/div898/handbook/eda/section1/edal 7.htm
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= [tis not about "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.

= 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.

m Four datasets have nearly identical simple statistical properties,
yet appear very different when graphed.
. 1

I I v
X F X y X y X F

1 10 8.04 10 9.14 10 T.46 8 6.58

2 8 6.95 8 8.14 8 6.77 8 5.76

3 13 7.58 13 8.74 13 12.74 8 771

4 9 8.81 9 8.77 9 7.11 8 8.84

5 11 8.33 11 9.26 11 7.81 8 847

6 14 9.96 14 3.1 14 8.84 8 7.04

7 6 7.24 6 6.13 6 6.08 8 5.25

5] 4 4.26 4 3.1 4 5.39 19 12.5

https://en.wikipedia.org/wiki/Anscombe's_quartet a 12|  10.84 12 9.13 12 8.15 8 3.56
. 10 7 4.82 7 7.26 7 6.42 8 7.91
http://ryanwomack.com/IASSIST/DataViz/ 1 5 5 68 5 174 5 573 3 6.99
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Mean of x in each case: 9 (exact)

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

Mean Ofy 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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m Data visualization is the presentation of data in a pictorial or
graphical format.

= Any effort to help people understand the significance of data by placing itin a
visual context.

m Patterns, trends and correlations that might go undetected in text-based data can
be exposed and recognized easier with data visualization software.

m Getto know your data: distributions (symmetric, normal, skewed),
data quality problems, outliers, correlations and inter-relationships,
subsets of interest, suggest functional relationships.

= Visualizing data: One variable, Two variables, More than two
variables, Other types of data, Dimension reduction.

= Interactive data visualization: using computers and mobile
devices to drill down into charts and graphs for more details, and
interactively (and immediately) changing what data you see and how it
IS processed.
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http://www.forbes.com/sites/dorieclark/2014/03/10/data-visualization-is-the-future-heres-why/

= Phil Simon, 2014, The Visual Organization:
Data Visualization, Big Data, and the Quest

for Better Decisions, Wiley.
ISBN: 9781118794388 | 1118794389

s Information Aesthetics: http://infosthetics.com/
m  Chart Porn: http://chartporn.org/

m Eagereyes: https://eagereyes.org/

s  We Love Datavis: http://datavis.tumblr.com

= A New Generation Tool For (big) Data Visualization:
http://www.stratio.com/datavis/kbase/

» Visualizing.org: http://www.visualizing.org/explore
s VizWiz: http://vizwiz.blogspot.ca/
s US Census Data Visualization Gallery: http://www.census.gov/dataviz/
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n F|sh 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, #11)

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

= the trout (8 - #£#88) zone (from the brown trout Salmo trutta
fario),

= the grayling (#8#) zone (from Thymallus),
= the barbell (8, B#&5E8YF) zone (from Barbus) and

= the bream (EifR, £2%};%KB&) zone (from the common bream
Abramis brama).

= The two upper zones are considered as the “Salmonid (§%8)
region" and the two lowermost ones constitute the “Cyprinid
($28 Z#8) region”

D. Borcard et al., Numerical Ecology with R, Use R, DOI 10.1007/978-1-4419-7976-6_2, © Springer
Science+Business Media, LLC 2011

Image Source:

http://www.qub.ac.uk/bb-old/prodohl/TroutConcert/images/gallery/c lagiader-me07-18-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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The Doubs data set have been collected at 30 sites along the Doubs River (near the
France-Switzerland border in the Jura Mountains. )

The corresponding ecological conditions, with much variation among rivers, range
from relatively pristine, well oxygenated and oligotrophic G#B)Aitl E/KEBYAZ -
EAER) to eutrophic (EEIEER) and oxygen-deprived (ER ) waters.

J<X

DoubsSpe: contains coded abundances (2E7t &) of 27 fish species.

DoubsEnv: 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.

DoubsSpe.csv X DoubsEnv.csv x DionbsSpa.csv x

i[, CEA, TRU, VAL, 10C, OME, BLA, HOA i[, das, alt, pen, deb, pm, dur, = I, x v =

201, 0, 3, 0, 0, 0, 0, 0, 211, 0.3, 534, 48, 0.34, 7.5, 45, 2l 1, 88, 7

3z, 0, 5, 4, 3, 0, 0, a, 3z, 2.2, 932, 3, 1, 2, 40, 3z, 94, 14

43, 0, 5, 5, 5, o, o, 0, 413, 10.2, 514, 3.7, 1.8, 8.3, 52, a3, 10z, 18

5/ 4, 0, 4, 5, 5, o, o, 0, 54, 18.5, 854, 3.2, 2.53, 8, T2, 504, 100, 28

6l 5, 0, 7. 3, Z, o, o, 0, 6l 5, 21.5, 345, 2.3, 2.64, 8.1, 84, &l &, 10&, 3%

e, 0O, 3, L 5, o, a, a, 76, 3Z.4, 8de, 3.2, .86, 7.5, 60, i e, 112, 51

8 7, 0O, 5, 4, 5, o, o, 0, Bl 7, 3b6.8, 241, B.o, 4, 8.1, B8, 8l 7, 114, &1

S9le, 0, 0, a, 0, 0, 0, 0, Sl g, 45.1, TeZ, 2.5, 1.3, 2.1, =4, 918, 1lo, 7&

10| %, 0, o, 1, 3, 0, 0, 0, 10( %, 70.5, 7Lz, 1.2, 4.8, 8, 50, 1005, 136, 100

11| 10, 0, 1, 4, 4, 0, 0, a, 1110, 9%, 0l7, 9.%, 10, 7.7, 82, 11|10, leg, 11z

1211, 1, 3, 4, 1, 1, o, 0, = 12111, 123.4, 483, 4.1, 15.5, 8.1, 96, =« 12 11, 186, 130
_'|_I dl | _'|_I 13112, bos. 145 =
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= 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 (0-5) 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 mg L™
Phosphate concentration pho mgL™!
Nitrate concentration nit mgL™!
Ammonium concentration amm mg L™t
Dissolved oxygen OXYy mgL™!
Biological oxygen demand dbo mgL™!
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> library(vegan)

> # Load additionnal functions

\%

> source('panelutils.R™)
# Import the data from CSV files

spe <- read.csv(''DoubsSpe.csv",
# Environmental data frame

env <- read.csv(''DoubsEnv.csv",
# Spatial data frame

spa <- read.csv(''DoubsSpa.csv",

VVVVYVVYV

> # Load the required package, vegan:

# (files must be 1n the working directory)

# Species (community) data frame (fish abundances)
row.names=1)

row.names=1)

row.names=1)

Community Ecology Package

> library(ade4)
> data(doubs)
> ?doubs

Source: Borcard D., Gillet F. & Legendre P. Numerical Ecology with R, Springer, 2011
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> spe # Display the whole data frame in the console
CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE BAR SPI1 GOU BRO PER BOU PSO ROT
1 o 3 o 0 0O O O O O O O O O o O o o0 O

> spe[l1l:5,1:10] # Display only 5 lines and 10 columns
CHA TRU VAI LOC OMB BLA HOT TOX VAN CHE
1 0 3 0 0O O O O O 0 O

> 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
10 3 0 0O O O O O O O O O O O o o o o0 O

> 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" "SPI"

> rownames(spe) # Row labels (objects = sites)
[1] "1 w2t U3t 4t o vstoteT tTTTovgt o tgr 10T 11T 12T 13T 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 12.267 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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Compare median and mean abundances. Are most distributions
symmetrical?

> # Minimum and maximum of abundance values iIn the whole data set
> range(spe)
[1] O 5
> # Count cases for each abundance class
> (ab <- table(unlist(spe)))
0 1 2 3 4 5
435 108 87 62 54 64
# Create a graphic window with title
windows(title="Distribution of abundance classes") R Distribution of sbandsRcSEEE =]

# Barplot of the distribution, all species confounded
barplot(ab, las=1, xlab="Abundance class",

ylab="Frequency", col=gray(5:0/5)) 400 —
# Number of absences

sum(spe==0)

[1] 435

> # Proportion of zeros iIn the community data set
> sum(spe==0)/(nrow(spe)*ncol (spe)) 100

[1] 0.537037 . 2ETT

V +VVVVYV

300

\%

200

Frequency

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

Abundance class
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Site Locations

# Add text blocks
text(50, 10,
text(30, 120,

"Upstream”, cex=1.2, col="red")
"Downstream',

200
|

> 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™) 2 Sit Locaions (ACTIVE)
> # Add site labels

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

>

>

>

cex=1.2, col=""red")

27
28

29

150
|

30
Downstream

The river looks more real, but
where are the fish?

y coordinate (km)
100
|

50
|

Upstream 2

25

26

3

\ \
0 50

T T T
100 150 200

x coordinate (km)

250
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Range VI
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par(mfrow=c(1,4))

# Plot four species

xl <- "x coordinate (km)',

yl <- "y coordinate (km)"
plot(spa, asp=1, col="brown",
lines(spa, col="light blue",
plot(spa, asp=1, col="brown",
lines(spa, col="light blue",
plot(spa, asp=1, col="brown",
lines(spa, col="light blue",
plot(spa, asp=1, col="brown",
lines(spa, col="light blue",

VVVVVVVVYVVYVYVYVYV

windows(title=""Species Locations",

9, 9)

cex=spe$TRU,

Iwd=2)

cex=spe$OMB,

Iwd=2)

cex=spe$BAR,

Iwd=2)

cex=spe$BCO,

Iwd=2)

—————————————i———T———————T———————T———————————————————————————————————————————————————j
# New graphic window (size 9x9 inches)

From these graphs you should understand

why these four species were chose as
ecological indicators.

main="Brown trout", xlab=xl, ylab=yl)
main=""Grayling"”, xlab=xl, ylab=yl)
main=""Barbel™, xlab=xl, ylab=yl)
main=""Common bream™, xlab=xl, ylab=yl)

I Species Locations (ACTIVE)

Brown trout

Grayling

100 150 200 250

y coordinate (km)
100 150 200 250
I I
)
%{%ﬁ

y coordinate (km)

50
50

Qe

g;b

&
&

¥ coordinate (km)

100 150 200 250 0 a0

T T T T
100 150 200 250

¥ coordinate (km)

=lofx|

Barbel Common bream

&)

100 150 200 250
1
iy}
o
[
100 150 200 280
1
iy}

y coordinate (km)
y coordinate (km)

50
a0

]
|

0
|

T T T T T T I T I T T T
0 50 100 150 200 250 0 50 100 150 200 250

¥ coordinate (km) % coordinate (km)

Bubble maps of the abundance of four fish species
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At how many sites does each species occur? Calculate the relative
frequencies of species (proportion of the number of sites) and plot
histogrames.

> # Compute the number of sites where each species i1s present
> # To sum by columns, the second argument of apply(), MARGIN, i1s set to 2
> spe.pres <- apply(spe > 0, 2, sum)
> # Sort the results In iIncreasing order
> sort(spe.pres)
PCH CHA OMB BLA BCO BBO TOX BOU ROT ANG HOT SP1 CAR GRE PSO BAR ABL PER TRU TAN
7 8 8 8 9 10 11 11 11 11 12 12 12 12 13 14 14 15 17 17
VAN BRO GAR VAl 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
23.3 26.7 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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# Plot the histograms

windows(title="Frequency Histograms',b8,5)

# 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™)

+ +V+ +VVVYVYV

: Frequency Histograms (ACTIVE) - ||:||i|
Species Occurrences Species Relative Frequencies
o 12 » 7 R
5 10 3 67 .
o 7] _
o _ o 5
L74] 8 7]
Y— Y— 4 —
o 6 — o 3 —
L 4 2 24
S S B o
S S 1
= 0= | | | | | | | = 0= | | |
0 5 10 15 20 25 30 0 20 40 100
Number of occurrences Frequency of occurrences (%)
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Now that we have seen at how many sites each species 1s present,
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, i1s set to 1
sit.pres <- apply(spe > 0, 1, sum)

# Sort the results iIn iIncreasing order

sort(sit.pres)

8 1 223 3 7 910 11 12 13 4 24 25 6 14 5 15 16 26 30 17 20 22 27 28 18 19

0 1 3 3 45 5 6 6 6 6 8 8 81010 11 11 17 21 21 22 22 22 22 22 23 23
21 29

23 26

V V. V V V

https://hmwu. 1dv.tw




o

o

C
IIII|I ()
-

windows(title="Species Richness",
par(mfrow=c(1,2))

10, 5)

# 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,
plot(spa, asp=1,

ylab="y coordinate (km)')
lines(spa, col="light blue™)

vV ++VVyV+ +VYVYVYV

row.names(spe),
# Use geographic coordinates to plot a bubble map
main="Map of Species Richness", pch=21, col="white",
bg=""brown", cex=5*sit.pres/max(sit.pres), xlab="x coordinate (km)',

cex=.8, col=""red")

Can you 1dentify
richness hot spots along
the river?

Species richness

R Species

20

15

10

Richn

ess (ACTIVE)

Species Richness vs.
Upstream-Downstream Gradient

Tete 21

4 2485

2 23

17 20022 2728
265

29

30

1 1 \ \ \
0 5 10 15 20 25

Positions of sites along the river

y coordinate (km)

100 150 200

50

(=

Map of Species Richness

l I l I I
50 100 150 200 250

x coordinate (km)
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Finally, one can easily compute classical
diversity indices from the data. Let us
do it with the function diversity()
of the vegan package.

diversity {vegan} R Documentation
Ecological Diversity Indices and Rarefaction Species Richness
Description

Shannon, Simpson, and Fisher diversity indices and rarefied species richness for community
ecologists.

Usage

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

> # Get help on the diversity() function
> ?diversity
>
> NO <- rowSums(spe > 0) # Species richness
> H <- diversity(spe) # Shannon entropy
> N1 <- 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 1 0.000000 1.000000 1.000000 1.0000000 1.0000000 NaN
2 3 1.077556 2.937493 2.880000 0.9791642 0.9600000 0.9808340
3 4 1.263741 3.538634 3.368421 0.8846584 0.8421053 0.9115962
4 8 1.882039 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
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= Thedecostand() function of the vegan package provides many
options for common standardization of ecological data.
= In this function, standardization, as contrasted with simple

transformation (such as square root, log or presence—absence), 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.

V V.V VYV

=

# Get help on the decostand() function
?decostand
## Simple transformations
# Partial view of the raw data (abundance codes)
spe[l:5, 2:4]
TRU VAl LOC

3 0 O

# Transform abundances to presence-absence (1-0)
spe.pa <- decostand(spe, method="pa'")
spe.pa[l:5, 2:4]
TRU VAL LOC

1 0 O

decostand {vegan} R Documentation

Standardization Methods for Community Ecology

Description

The function provides some popular {and effective) standardization methods for community

ecologists.

Usage

decostand(x, method, MARGIN, range.global, logbase = 2, na.rm=FALSE, ...

wisconsin(x)

)

https://hmwu. 1dv.tw



> 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'™)

> # Display the maximum by column
> apply(spe.scal, 2, max)

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
BCO PCH GRE GAR BBO ABL ANG
1 1 1 1 1 1 1
# 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)
spe.relsp[1:5,2:4]

TRU VAI LOC

1 0.05263158 0.00000000 0.00000000

V V V V V

> # Display the sum by column
> apply(spe.relsp, 2, sum)

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
PCH GRE GAR BBO ABL ANG
1 1 1 1 1 1

> ?ge- \S/X?I IF1:5,2:4] Did the scaling work properly? Keep an eye on
1 o_g 0.0 0(_)8 the results by a plot or by the use of summary
- - statistics

CHA TRU VAl LOC OMB BLA HOT TOX VAN CHE BAR SP1 GOU BRO PER BOU PSO ROT CAR TAN

1

CHA TRU VAl LOC OMB BLA HOT TOX VAN CHE BAR SP1 GOU BRO PER BOU PSO ROT CAR TAN BCO

1 1

https://hmwu. 1dv.tw




## 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 1f the scaling worked properly
> apply(spe.rel, 1, sum)
2 3 4 5 6 7 8
1 1 O

VVVVVYVVYV

1 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
1 1 111111111111 11111111
29 30
1 1
> # Give a length of 1 to each row vector (Euclidean norm)
> spe.norm <- decostand(spe, "‘normalize')

> spe.norm[1:5,2:4]

TRU VAI LOC The chord transformation: the Euclidean distance
1 1.0000000 0.0000000 0.0000000 function applied to chord-transformed data
--- produces a chord distance matrix. Useful before
> # Verify the norm of row vectors PCA and K-means.

> norm <- function(x) sqrt(x%*%x)
> apply(spe.-norm, 1, norm)
1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28
1111111011111 111111111 1111111
29 30
1 1
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m The Hellinger transformation can be also be obtained

by applying the chord transformation to square-root-
transformed species data.

>
>

V VOoILrsWNEPER

2

> # 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,

TRU
.0000000
.6454972
.5590170
.4364358
.2425356

Check the

+TOOOOopR
oNoNoNoNo]

2:4]
VAI

-.0000000
.5773503
.5590170
-4879500
.2970443

norm of

LOC
0.0000000
0.5000000
0.5590170
0.4879500
0.2425356
row vectors

apply(spe.hel, 1, norm)
2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

1
30
1

1111101111111 1111111111 1111

https://hmwu. 1dv.tw
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# Chi-square transformation
spe.chi <- decostand(spe, '‘chi.square™)

spe.chi[1l:
TRU
-1969078
.7487116
.3115337

5,2:4]

VAI LOC
0.0000000 0.0000000
1.2808290 0.9271402
1.2007772 1.1589253
.7994110 0.9148778 0.8829907
.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
0 1.311534 0.9606217 1.1589253 0 O O
0 0.000000 0.0000000 O0.00000OO O O O
O 0.000000 0.2744634 0.7946916 O O O O 0.000000 1.5122194 O
PER BOU PSO ROT CAR TAN BCO PCH GRE GAR BBO ABL ANG
0O O O O O0A0.0000000 O O O00.000000 O o0 o
0O O O O O0A0.0000000 O O O00.000000 O o0 o
0O O O O 0 0.3373903 O O 01.140587 O O O
# Wisconsin standardization
# Abundances are fTirst ranged by species maxima and then by site totals
spe.wis <- wisconsin(spe)
spe.wis[1:5,2:4]
TRU VAI

T OOREFR N

VAN
0 0.302004 0.2646384 O
0 0.000000 0.0000000 O

LOC

1.00000000 0.00000000
0.41666667 0.33333333
0.31250000 0.31250000
0.19047619 0.23809524
0.05882353 0.08823529

0.00000000
0.25000000
0.31250000
0.23809524
0.05882353

CHE BAR SPI

0
0
0

GOU BRO
O O
O O
O O
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> windows(title="Loach™)
> par(mfrow=c(1,4))
> boxplot(spe$LOC, sqrt(spe$LOC), loglp(spe$LOC), las=1l, main="Simple transformation",
+ names=c("'raw data'™, ''sqrt’, "log"), col="bisque')
> boxplot(spe.scal$L0C, 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
g - 1.0 H —_— - 1.2 4 —_—r
: : 06 ! :
a a T e CE I
4 08 05 : ! !
1 DB | I
37 06 0.4 7
03 RS 167
2 - . 0.4 |
—— 0.2 ' 0.4
Y : 27 l 014 0.2 :
| | | | —_ : : _
n-1 — = - 0.0 : oo = — = 0o+

1 1 1 T T 1 T 1 1
rave data st log A total Hellinger  total N Chi-gquare YWisconsin

Boxplots of transformed abundances of a common species, Nemacheilus barbatulus (stone loach)
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Another way to compare the effects of transformations on species profiles is to

plot them along the river course.

I Species profiles (ACTIVE) _ o) x| I Species profiles (ACTIVE) _ o) x|
Site profiles (Hellinger)
6 9 2
[/}
8 v - £ 2-
2 : o
§ s o -
B [
g § 34
z _ _ | o |
[1+] c o
o =
a o o |
° 4 I I I I Il I I I I
0 100 200 300 400 0 100 200 300 400
Distance from the source [km] Distance from the source [km]
I Species profiles (ACTIVE) _o)x] I Species profiles (ACTIVE) _ o) x|
Species profiles {max) Double profiles (Chi-square)
Compare the profiles g v S —
. i —— Grayling
and explain the o ~ barbe
o —— Common bream
° = S T Stone loach
differences. g
5
&
&

Standardized abundance
00 02 04 06 08 1.0

0 100 200 300 400

Distance from the source [km]

T I T T I
0 100 200 300 400

Distance from the source [km]
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windows(title="Species profiles™, 9, 9)

plot(env$das, spe$TRU, type="I1", 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="I1", col=4, main="Species profiles (max)",
xlab="Distance from the source [km]", ylab="Standardized abundance'™)
lines(env$das, spe.scal$0MB, col=3); lines(env$das, spe.scal$BAR, col="orange")

VV+VVVYV+ VYV

plot(env$das, spe.hel$TRU, type="1", 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, lty="dotted")

plot(env$das, spe.chi$TRU, type="1", 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, lty="dotted")

+VVV+VVYVYV+YV

col=c(4,3,"orange",2,1), lty=c(rep(1,4),3))

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

legend("topright”, c('Brown trout™, "Grayling™, 'Barbel™, "Common bream™, "'Stone loach™),
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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'") Aqqﬂythebgycfhncnonsu)env.
lines(spa, col="light blue™, lwd=2) VVhﬂeexmnunngtheSﬂﬁmnary(),
plot(spa, asp=1, main="Discharge", pch=21, col="white", note how the variables differ from
bg=""blue", cex=5*env$deb/max(env$deb), xlab="x", ylab="y'") the species data in values and
lines(spa, col="light blue”, lwd=2) spatial distributions. Draw maps of

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)

some of the environmental
variables.

vV+VvVyVv+VyV+VYV+YV VYV

I Bubble maps (ACTIVE) o =] 3

Altitude Discharge Oxygen Nitrate

100 150 200 250

!
]
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|
o
o
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o 13
S 4%
’Q‘x%
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“I | |
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| | |
-
»
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] a
1 1
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1 1
] a
1 1

T T T T T T T T T T T T T T T I T T T T T I T T
0 50 100 180 200 280 0 50 100 180 200 280 0 50 100 150 200 250 0 50 100 150 200 280

Ed Ed Ed Ed

Which ones of these maps display an upstream-downstream gradient? How could you explain the

spatial patterns of the other variables?
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windows(title="Descriptor line plots'™)

par(mfrow=c(1,4))

plot(env$das, env$alt, type="I1", 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="I1", xlab="Distance from the source (km)",
ylab="0xygen (mg/L)", col=""green3", main="0Oxygen'")

plot(env$das, env$nit, type="I1", xlab="Distance from the source (km)",
ylab="Nitrate (mg/L)", col="brown"™, main="Nitrate")

+V+V+V+V VYV

IR, Descriptor line plots (ACTIVE) —|o|x|
Altitude Discharge Oxygen Nitrate
= ]
-
o ©
= _
= o
B ] il
o =g
w —_
— o = Q -+ —
E o | =g £ g
1) w @ — =
E g o 5 @ g2 ™
= = = =
< 2 " 5 £
8 — o o _| ™
= ™
w 4
=g _ -
=
= |
] o - =+ — =
T T T T T T T T T T T T T T T T T T T T
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400 0 100 200 300 400

Distance from the source (km) Distance frarn the source (km) Distance fram the source (km) Distance fram the source (km)

Note the scaleings.
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diag.panel=panel _hist,

main="Bivariate Plots with
Histograms and Smooth Curves™)

> par(op)

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

op <- par(mfrow=c(1l,1), pty="s"
> pairs(env, panel=panel.smooth,

: Bivariate descriptor plots (ACTIVE)

200 800

030 70

40 80

Bivariate Plots with Histograms and Smooth Curves

Do many variables

seem normally
distributed?

Do many scatter plots
show linear or at least

monotonic
relationships?
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= Simple transformations, such as the log transformation, can be used to improve the
distributions of some variables (make it closer to the normal distribution).
m 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$pen)™)
j Transformation and standardization of variable slope {inactive) - II:I Iil
Histogram of env$pen Histogram of In{env$pen) Boxplot of env$pen Boxplot of In{env$pen)
- — = —— - — T i
[ I I I I ] [ I I I I I ]
0 1m 20 30 40 &0 2 o101 2 3 4
emvpen loglenvipen)
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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-16
pho nit amm (0)'4Y 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
1 11 1 1 1 1 1 1 1 1

>
> # 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
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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.

m  Graphical representations may help generate hypotheses about

the processes acting behind the scene. try heatmap!

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

= 187H%: Doubs Fish Data#EBE—ERMNERKFER - EAM—LH
YRR o] BUR 2
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Soufce: Roger D. Peng, (2015), Exploratory Data Analysis with
R, Coursera.

Exploratory Data Analysis Checklist

0) Prepare your data

1) Formulate your question

2) Read inyour data

3) Check the packaging

4) Runstr()

5) Look at the top and the bottom of your data

6) Checkyour"n"s

7) Validate with at least one external data source

8) Try the easy solution first

9) Challenge your solution

10) Follow up Together with graphics!
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» Dataset: an air pollution (hourly ozone levels) dataset from
the U.S. Environmental Protection Agency (EPA) for the
year 2014.

http://aqgsdrl.epa.gov/agsweb/agstmp/airdata/download files.html

= U.S. EPA on hourly ozone measurements in the entire U.S.
for the year 2014. The data are available from the EPA" s
Air Quality System web page.

= The dataset is a comma-separated value (CSV) file, where
each row of the file contains one hourly measurement of
ozone at some location in the country.
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Hou rly Data

Criteria Gases

Year Ozone (44201) 502 (42401) CO(42101) NO2 (42602)
_ _ _ , # dataset:
2015 hourly_44201_2015.zip hourly_42401_2015.zip  hourly_42101_2015.2ip  hourly_42602_2015.zip .
1,575,854 Rows 813,370 Rows 468,398 Rows 677,518 Rows hourly_4420 1_2014.le (64.7M)
11,553 KE 5,510 KE 3,415 KE 5,303 KE
As of 2015-06-20 Asof 2015-06-20 Asof 2015-06-20 Asof 2015-06-20 hourly—44201—2014csv (1 89G)
2014 NEN-in hourly_42401_2014.zip hourly_42101_2014.zip  hourly_42602_2014.zip
8,967,571 Rows 3,724,805 Rows 2,457,537 Rows 3,382,260 Rows
66,326 KE 24,719 KE 16,890 KE 25,630KE
As of 2015-06-20 As of 2015-06-20 Asof 20715-06-20 Asof 2015-06-20

Microsoft Excel il

] EEEEELE -

- Excel

BT SRR > > |

i
CSV IEFERRL hourly 44201_2014
1 J k. L M N  © P  Q R s T U v  w X Y | Z
1 Pararmeter NDate Local  Time Local Date GMT  Time GMT Sarnple Mea Units of be LDL Uncertanty Qualifier Method Tyr Method Coc Iethod INar State Name County WNan Date of Last Change
1048572 | Ozone 201471/22 19:00  2014/1/23 3400 0.002 Poarts per mi 0.005 FEM 87 INSTRUMI California  Meroed 2014734
1048573 | Ozone 201471/22 2100 2014/1/23 0500 0.002 Poarts per mi 0.005 FEM 87 INSTRUMI California  Meroed 2014734
1048574 | Ozone 2014/1/22 33:00 2014123 06:00 0.012 Parts per mi 0.005 FEM 37 INSTRUMI California  Merced 2014754
1048575 | Ozone 2014/1/22 3300 2014123 om0 0.013 Parts per mi 0.005 FEM 37 INSTRUMI California  Merced 2014754
1048576 |Ozone 201411123 000 2014/1723 08:00 0.014 Poarts per mi 0.005 FEM 87 INSTRUMI Californis  Meroed 20147344
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8] howly 44201 2014.c6:8 x |

There are 34 variables with 8967571 observations:

"State Code","County Code","Site Num","Parameter Code", "POC",
"Latitude","Longitude","Datum","Parameter Name","Date Local",

"Time Local","Date GMT","Time GMT","Sample Measurement","Units of Measure",
"MDL","Uncertainty","Qualifier","Method Type","Method Code"

"Method Name","State Name","County Name","Date of Last Change"

Ab 2R BEBHNAS KE?

https://hmwu. 1dv.tw

1| "State Code","County Code", “Site Num™, “Parameter Code","POC" K “Latitude",K “Longitude",K “Datum”,"Parameter Name", “Date Local”,"Time Local"”,K “Date GHT"fj

2| "01","003","0010", "44201",1,30.498001 ,-87.881412, "NAD83", "0zone™, "2014-03-01","01:00","2014-03-01","07:00" ,0.047, "Parts per million",0.005,"", "",

3| 017,703, 010", "44201",1,30. 498001 ,-87.881412, "NADE3", "0zone™ , "2014-03-01","02:00","2014-03-01","08:00" ,0.047, "Parts per million”,8.005,"", "",

4 "01","003","0010", "44201",1,30. 498001 ,-87.881412, "NAD83", "0zone™,"2014-03-01","03:00","2014-03-01","09:00" ,0.043, "Parts per million",0.005,"", "",

5/ "01","003", 0010, "44201",1,30.498001,-87.881412, "NADS3", "0zone™, "2014-03-01", "04: 00", “2014-03-01","10:00" ,0.038, "Parts per million",0.005,"" "",

6| "01","00O3","0010", "44201",1,30.498001 ,-87.881412, "NAD83", "0zone" , "2014-03-01","05:00","2014-03-01","11:00" ,0.035, "Parts per million",0.0053,"", "",

Tl “017,"003","0010","44201",1,30.498001,-87.881412, "NAD83", "0zone", "2014-03-01","06: 00", "2014-03-01","12:00",0.035, "Parts per million"”,0.005,"" "",

8| "01","003", 010", "44201",1,30. 498001 ,-87.881412, "NAD83", "0zone™,"2014-03-01","07:00","2014-03-01","13:00",0.034, "Parts per million”,0.005,"","",

9/ "01","003","0010", "44201",1,30.498001,-87.881412, "NAD83", "0Ozone™, "2014-03-01","08:00", "2014-03-01","14:00" ,0.037, "Parts per million",®.005,"" "",

16 “61","003","0010", "44261",1,30.498001,-87.881412, “"NAD83", "0zone™, "2014-03-01","09: 00", "2014-03-01","15: 00" ,0.044, “Parts per million",8.005,"" ",

11| "01","003","0010", "44261",1,30.498001 ,-87.881412, "NAD83", "0zone" ,"2014-03-01","10:00","2014-03-01","16:00",0.046, "Parts per million",0.005,"", "",

8967568 "80", 006" ,"00OT", "44201",1,31.7122,-106. 3953, "NAD83", “Ozone","2014-08-31","19:00","2014-09-01","02:00",0.019,"Parts per million",0.005,"" " “FE

8967569 "80", 006", "00OT", "44201",1,31.7122,-106.3953, "NAD83", “0zone","2014-68-31","20:00", "2014-09-01","03:00",0.021,"Parts per million",0.085,"","" “FE

8967570 "80" . 006" ,"00OT", "44201",1,31.7122,-106. 3953, "NAD83", "0zone","2014-08-31","21:00","2014-09-01" ,"04:00",0.024,"Parts per million",0.005,"","" "FE

8967571| "80", 006" ,"0EOT", "44201",1,31.7122,-106. 3953, "NAD83", “0zone", "2014-08-31","22:00","2014-09-01" ,"05:00",0.002, "Parts per million",0.005,"","" “FE

8967572 "80", 006" ,"00OT", "44201",1,31.7122,-106.3953, "NAD83", “0zone", "2014-08-31","23:00", "2014-09-01","06:00",0.002, "Parts per million",0.005,"","" “FE
8967573 k- —
< | ;Ij
189 GB (2,034,887,369 6T » 8,967,573 1T » [Tex¢ [fF 2067573, /8 1




m Are air pollution levels higher on the east coast
than on the west coast?

= A more specific question:

m Are hourly ozone levels on average higher in New
York City than they are in Los Angeles?

m Figure out what is the question you're really
interested in, and narrow it down to be as
specific as possible.
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m  Sometimes the data need to be cleaned up.
= You can read in a subset by specifying a value for the n_max argument to read_csv()

that is greater than 0.

# getwd(), setwd(), list.files(Q

# The readr package i1s a nice package for reading in flat files very fast.
> library(readr)

L

package “readr’ was built under R version 3.1.3

# 1T col _types i1s not specified and read csv() will try to figure it out.
> ozone <- read_csv(''dataZhourly_44201 2014.csv")

| | 0% 2 MB
I::::::::::::::::::::::::I 100% 1940 MB
BEHE

44153 problems parsing "dataZhourly_ 44201 2014.csv®". See problems(...) for
more details.

read.cevifile, header = TRUE, =sep = ",", quote = "i"",
tt}ﬁ?* _F:' dec = ".", fill = TRUE, comment.char = "", ...}
X .
read cevi(file, col names = TRUE, col types = NULL, na = "NA", skip = 0,
n_max = -1, progress = interactive())
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> head(problems(ozone))
expected actual

row col
1 6019 18 T/F/TRUE/FALSE
2 6020 18 T/F/TRUE/FALSE
3 6021 18 T/F/TRUE/FALSE
4 6022 18 T/F/TRUE/FALSE
5 6023 18 T/F/TRUE/FALSE
6 6024 18 T/F/TRUE/FALSE

NNNNDNDN

> #HRewrite the names of the columns to

> names(ozone)
[1] "State Code™
[5] POC"

[13] "Time GMT"
[17] "Uncertainty”
[21] ""Method Name™

[1] "State.Code™
[5] "POC™

[13] "Time.GMT"
[17] "Uncertainty”
[21] *Method.Name™

[9] "Parameter Name'

[9] ""Parameter.Name"

"County Code™
"Latitude"
"Date Local™
"Sample Measurement™
"Qualifier”
""'State Name'

> (names(ozone) <- make.names(names(ozone)))

"Site.Num"
"Longitude™
“"Time.Local™
"Units.of.Measure"
"Method.Type"”
"County.Name"

"County.Code™
"Latitude"
"Date.Local™
"Sample.Measurement"
"Qualifier”
""'State.Name"'

"Site Num"

"Longitude™
“"Time Local"
"Units of Measure"
"Method Type"*
"County Name"

remove any Sspaces.

"Parameter Code™
"Datum"’

"Date GMT"

""MDL""

"Method Code"
"Date of Last Change™

"Parameter.Code"
"Datum"’
"Date.GMT"

"*MDL"*
""Method.Code""
"Date.of.Last.Change™
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m check the number of rows and columns.

> nrow(ozone)
[1] 7147884

> ncol(ozone)
[1] 23

= check the original text file to see if the number of columns printed out
(23) here matches the number of columns you see in the original file.

> memory.size(max

FALSE) # HEifEH 0 EeEE

[1] 2613.55

> memory.size(max = TRUE) # FE/E5EZ4 O/7EIH A B 5
[1] 2953.06

> memory.limit(size = NA) # S HFizEERE

[1] 16343

> memory.limit(size = 2048) # FEHEERENRE A 2048MB
[1] 16343

ZEHE

In memory.limit(size = 2048) : #EB/ISLIEERE - B2
> print(object.size(ozone), units = "Mb")

1607.9 Mb
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> str(ozone)

Classes ‘tbl df , ‘“tbl’ and "data.frame-: 8967571 obs. of 24 variables:

$ State Code int 1111111111 ...

$ County Code :int 3333333333 ...

$ Site Num : int 10 10 10 10 10 10 10 10 10 10 ...

$ Parameter Code o int 44201 44201 44201 44201 44201 44201 44201 44201 44201 44201

$ POC int 1111111111 ...

$ Latitude : num 30.5 30.5 30.5 30.5 30.5 ...

$ Longitude : num -87.9 -87.9 -87.9 -87.9 -87.9 ...

$ Datum : chr "NAD83"™ ""NAD83"™ "'NAD83"™ "NAD83" ...

$ Parameter Name : chr Ozone'™ 'Ozone'™ 'Ozone'™ 'Ozone'™ ...

$ Date Local : Date, format: '"2014-03-01" ""2014-03-01" ...

$ Time Local : chr ™01:00"™ "02:00" "03:00" "04:00" ...

$ Date GMT : Date, format: '"2014-03-01" "2014-03-01" ...

$ Time GMT : chr ™07:00" "08:00" "09:00" "10:00" ...

$ Sample Measurement : num 0.047 0.047 0.043 0.038 0.035 0.035 0.034 0.037 0.044 0.046

$ Units of Measure : chr "Parts per million"™ "Parts per million” "Parts per million”

million™ ...

$ MDL : num 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005

$ Uncertainty - logi NA NA NA NA NA NA ...

$ Qualifier - logi  NA NA NA NA NA NA ...

$ Method Type : chr "FEM"™ "FEM™ "FEM"™ "FEM™ ...

$ Method Code int 47 47 A7 A7 A7 A7 A7 47 A7 47 ...

$ Method Name : chr "INSTRUMENTAL - ULTRA VIOLET" “INSTRUMENTAL - ULTRA VIOLET"

- ULTRA VIOLET" "INSTRUMENTAL - ULTRA VIOLET" ...

$ State Name : chr "Alabama" "Alabama" "Alabama" "Alabama" ...

$ County Name : chr "Baldwin™ "Baldwin™ "Baldwin®™ *"Baldwin™ ...

$ Date of Last Change: Date, format: '"2014-06-30" ''2014-06-30" ...

- attr(*, "problems™)=Classes ‘tbl df , ‘tbl’ and “data.frame-": 44153 obs. of
--$ row : int 6019 6020 6021 6022 6023 6024 6025 6363 6364 6365 ...
..$ col :int 18 18 18 18 18 18 18 18 18 18 ...
.-$ expected: chr "T/F/TRUE/FALSE" "T/F/TRUE/FALSE" "T/F/TRUE/FALSE" "T/F/TRUE/FALSE"
..$ actual : chr "2 2t 2 vt .

"Parts per

"INSTRUMENTAL

4 variables:
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> remove(ozone)

> ozone <- read_csv(“'data/hourly_ 44201 2014 .csv', col_types = '‘ccccinncccccecncnneccccccc'™)
I:::::::::::::::::::::::::::::::::I 100% 1940 MB

> names(ozone) <- make.names(names(ozone))

> str(ozone )

Classes ‘tbl df , ‘“tbl’ and "data.frame": 8967571 obs. of 24 variables:

$ State Code : chr 01" 01" ™01 "O1" ... ¢: character
$ County Code : chr 003" "003"™ 003" 003" ... ) .
$ Site Num - chr ™0010" "0010" "0010" *0010" ... I: numeric
$ Parameter Code : chr 44201 44201 "44201" 44201 ... 1. Integer

$ POC int 1111111111 ...

$ Latitude : num 30.5 30.5 30.5 30.5 30.5 ...

$ Longitude : num -87.9 -87.9 -87.9 -87.9 -87.9 ...

$ Datum : chr "NAD83"™ "NAD83"™ "NAD83"™ "NAD83"™ ...

$ Parameter Name : chr '"Ozone'" '"Ozone'" 'Ozone' 'Ozone" ...

$ Date Local : chr '"2014-03-01" ""2014-03-01" "2014-03-01" '2014-03-01" ...

$ Time Local : chr ™01:00" *02:00" *03:00" "04:00" ...

$ Date GMT : chr '"2014-03-01" ""2014-03-01" "2014-03-01" '2014-03-01" ...

$ Time GMT : chr ™07:00" *08:00" "09:00" "10:00" ...

$ Sample Measurement : num 0.047 0.047 0.043 0.038 0.035 0.035 0.034 0.037 0.044 0.046 ...

$ Units of Measure : chr "Parts per million" "Parts per million" "Parts per million" "Parts per
million™ __.

$ MDL num 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 0.005 ...

num NA NA NA NA NA NA NA NA NA NA ...

(0] 2 1 S

chr “FEM"™ "FEM"™ "FEM" "FEM" ...

$ Method Code chr ™047' 047" 047" 047" ...

$ Method Name > chr "INSTRUMENTAL - ULTRA VIOLET"™ "INSTRUMENTAL - ULTRA VIOLET"™ "INSTRUMENTAL
- ULTRA VIOLET"™ "INSTRUMENTAL - ULTRA VIOLET"™ ...

$ State Name : chr "Alabama" "Alabama"™ "Alabama"™ "Alabama' ...

$ County Name : chr "Baldwin" "Baldwin' "Baldwin' "Baldwin' ...

$ Date of Last Change: chr "2014-06-30" "'2014-06-30" ''2014-06-30" ''2014-06-30" ...

$ Uncertainty
$ Qualifier
$ Method Type
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= Make sure to check all the columns and verify that all of the data
. -
iIn each column looks the way it" s supposed to look.

> head(ozone) #tail(ozone)
State.Code County.Code Site_Num Parameter.Code POC Latitude Longitude Datum Parameter.Name

1 01 003 0010 44201 1  30.498 -87.88141 NADS83 Ozone

2 01 003 0010 44201 1  30.498 -87.88141 NADS83 Ozone

3 01 003 0010 44201 1  30.498 -87.88141 NADS83 Ozone

4 01 003 0010 44201 1  30.498 -87.88141 NADS83 Ozone

5 01 003 0010 44201 1  30.498 -87.88141 NADS83 Ozone

6 01 003 0010 44201 1  30.498 -87.88141 NADS83 Ozone
Date.Local Time.Local Date.GMT Time.GMT Sample._Measurement Units.of._Measure MDL

1 2014-03-01 01:00 2014-03-01 07:00 0.047 Parts per million 0.005

2 2014-03-01 02:00 2014-03-01 08:00 0.047 Parts per million 0.005

3 2014-03-01 03:00 2014-03-01 09:00 0.043 Parts per million 0.005

4 2014-03-01 04:00 2014-03-01 10:00 0.038 Parts per million 0.005

5 2014-03-01 05:00 2014-03-01 11:00 0.035 Parts per million 0.005

6 2014-03-01 06:00 2014-03-01 12:00 0.035 Parts per million 0.005
Uncertainty Qualifier Method.Type Method.Code Method.Name State.Name

1 NA FEM 047 INSTRUMENTAL - ULTRA VIOLET Alabama

2 NA FEM 047 INSTRUMENTAL - ULTRA VIOLET Alabama

3 NA FEM 047 INSTRUMENTAL - ULTRA VIOLET Alabama

4 NA FEM 047 INSTRUMENTAL - ULTRA VIOLET Alabama

5 NA FEM 047 INSTRUMENTAL - ULTRA VIOLET Alabama

6 NA FEM 047 INSTRUMENTAL - ULTRA VIOLET Alabama
County.Name Date.of.Last.Change

1 Baldwin 2014-06-30

2 Baldwin 2014-06-30

3 Baldwin 2014-06-30

4 Baldwin 2014-06-30

5 Baldwin 2014-06-30

6 Baldwin 2014-06-30
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subjects.

» Use the fact that the dataset purportedly contains hourly
data for the entire country. These will be our two
landmarks for comparison.

= The hourly ozone data comes from monitors across the
country. The monitors should be monitoring continuously
during the day, so all hours should be represented.

= We can take a look at the Time.Local variable to see what
time measurements are recorded as being taken.

https://hmwu. 1dv.tw



= Almost all measurements in the dataset
are recorded as being taken on the hour,
some are taken at slightly different times.

= Such a small number of readings are
taken at these off times that we might not
want to care.

s Butitdoes seem a bit odd, so it might be
worth a quick check.

> table({ozoneiTime.Local)

ee:00 Qe:01 el:0@ 0l:02 62:80 PZ:GE 03:00
288698 2 290871 2 283709 2 282951
B3:04 04:00 @4:05 05:00 ©05:86 06:00 06:07
2 288963 2 302696 2 302356 2
@7:00 O7:08 @2:00 O0B:09 09:00 09:10 lO:00
300950 2 208566 2 297154 2 297132
1:11 11:8@ 11:12 12:006 12:13 13:060 13:14
2 298125 2 2098297 2 299997 2
14:0@ 14:15 15:80 15:16 16:00 16:17 17:00
3el41e 2 382636 2 303387 2 303B06
17:18 18:08 18:19 19:00 19:20 20:00 20:21
2 303795 2 304268 2 304268 2
21:00 21:22 22:00 22:23 23:00 23:24
383551 2 205701 2 294549 2

> table(ozone$Time.Local)

18:00 19:00 20:00 21:00 22:00 23:00
381806 382354 382329 381144 371224 369380

00:00 01:00 02:00 03:00 04:00 05:00 06:00 07:00 08:00
365278 366282 355919 349843 353867 380124 379771 378238 375373
09:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00
373472 373225 374424 374742 376722 378593 380236 381336 381889
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= Since EPA monitors pollution across the country, there should be
a good representation of states. Perhaps we should see exactly
how many states are represented in this dataset.

m There are 52 states in the dataset, but only 50 states in the U.S.!

= Now we can see that Washington, D.C. (District of Columbia) and
Puerto Rico are the "extra” states included in the dataset. Since
they are clearly part of the U.S. (but not official states of the
union) that all seems okay)

> select(ozone, State.Name) %>% unique %>% nrow
[1] 53
> unique(ozone$State.Name)
[1] "Alabama™ "Alaska" "Arizona" "Arkansas" "California"
[6]1 "Colorado" "Connecticut" "Delaware" "District Of Columbia"™ "Florida"
[11] “Georgia" "Hawaii" "lIdaho" “Illinois" "Indiana"
[16] "lowa" ""Kansas"' "Kentucky" "Louisiana" "Maine"
[21] "Maryland" ""Massachusetts" "Michigan" "Minnesota" "Mississippi"
[26] "Missouri' "Montana "Nebraska" "Nevada" "New Hampshire"
[31] "New Jersey" "New Mexico" "New York" "North Carolina" "North Dakota"
[36] "Ohio" "Oklahoma" "Oregon" "Pennsylvania" "Rhode Island"
[41] "South Carolina™ "South Dakota' "Tennessee"' "Texas" "Utah"
[46] "Vermont" "Virginia" "Washington" "West Virginia" "Wisconsin"
[51] "Wyoming" "Puerto Rico" "Country Of Mexico"
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Making sure your data matches something outside of the dataset is
very important.

External validation can often be as simple as checking your data against
a single number.

In the U.S. we have national ambient air quality standards, and for
ozone, the current standard(*) set in 2008 is that the "annual fourth-
highest daily maximum 8-hr concentration, averaged over 3 years”
should not exceed 0.075 parts per million (ppm).

The 8-hour average concentration should not be too much higher than
0.075 ppm (it can be higher because of the way the standard is worded).

NOTE: & =415

http://www.epa.gov/ttn/naaqs/standards/ozone/s_03 history.html
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= The hourly measurements of ozone
> summary(ozone$Sample.Measurement)

Min. 1st Qu. Median Mean 3rd Qu. Max .
0.00000 0.01900 0.03000 0.03011 0.04100 0.24100

= From the summary we can see that the maximum hourly
concentration is quite high (0.241 ppm) (0.349 ppm) but that in
general, the bulk of the distribution is far below 0.075.

= We can get a bit more detail on the distribution by looking at
deciles of the data.

> quantile(ozone$Sample.Measurement, seq(0, 1, 0.1))
0% 10% 20% 30% 40% 50% 60% 70% 80%  90% 100%
0.000 0.009 0.016 0.022 0.026 0.030 0.034 0.038 0.043 0.050 0.241
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= Knowing that the national standard for ozone is something

like 0.075, we can see from the data that

m The data are at least of the right order of magnitude (i.e. the

units are correct)

= The range of the distribution is roughly what we' d expect,

given the regulation around ambient pollution levels.

= Some hourly levels (less than 10%) are above 0.075 but this
may be reasonable given the wording of the standard and

the averaging involved.
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= The original question: which counties in the United States
have the highest levels of ambient ozone pollution?

= We need a list of counties that are ordered from highest to
lowest with respect to their levels of ozone.

m levels of ozone: take the average across the entire year for
each county and then rank counties according to this metric.

> ranking <- group_by(ozone, State.Name, County.Name) %>%

+ summarize(ozone = mean(Sample.Measurement)) %>%

+ as.data.frame %>%

: arrange(desc(ozone)) To identify each county we will use a

> head(ranking, 10) #the top 10 counties combination of the State .Name and
State.Name County.Name ozone the County.Name variables.

1 California Mariposa 0.04849027 |

2 California Nevada 0.04821713

3 Wyoming Albany 0.04738065 It seems interesting that all of these

4 California Inyo 0.04469113 . .

5 Utah San Juan 0.04457553 counties are in the western US,

6 California EIl Dorado 0.04363664 with 4 of them in

7 Nevada White Pine 0.04344640 . .

8 North Carolina Yancey 0.04337582 California alone.

9 North Carolina Jackson 0.04314067

10 Colorado Gunnison 0.04302312
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= How many observations there are for the highest level counties,
Mariposa County, California in the dataset.

> filter(ozone, State.Name == "California" & County.Name == "Mariposa") %>% nrow
[1] 12130

= Always be checking. Does that number of observations sound
right? Well, there’ s 24 hours in a day and 365 days per, which
gives us 8/60.

s Sometimes the counties use alternate methods of measurement
during the year so there may be “extra” measurements.
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this county by looking at monthly averages.

# convert the date variable iInto a Date class.

ozone <- mutate(ozone, Date.Local = as.Date(Date.Local))

# split the data by month to look at the average hourly levels.

Tfilter(ozone, State.Name == "California”™ & County.Name == "Mariposa') %>%
mutate(month = factor(months(Date.Local), levels = month.name)) %>%
group_by(month) %>%
summarize(ozone = mean(Sample.Measurement))

B Ozone appears to be higher in the summer months and
lower in the winter months.

B There are two months missing (November and December)
from the data. It's probably worth investigating a bit later
on.
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> # look at one of the lowest level counties, Caddo County, Oklahoma
> tail(ranking, 5)
State._Name County.Name ozone

787 Oklahoma Caddo 0.017435731
788 Puerto Rico Juncos 0.013466699
789 Alaska Fairbanks North Star 0.013419708
790 Puerto Rico Bayamon 0.009246600
791 Puerto Rico Catano 0.005014176
> Tilter(ozone, State.Name == "Oklahoma™ & County.Name == "Caddo’™) %>% nrow
[1] 7562
> filter(ozone, State.Name == "Oklahoma™ & County.Name == "Caddo') %>%
+ mutate(month = factor(months(Date.Local), levels = month.name)) %>%
+ group_by(month) %>%
+ summarize(ozone = mean(Sample.Measurement))
Source: local data frame [1 x 2]

month ozone
1 NA 0.01743573

m Here we can see that the levels of ozone are much lower in this county and that also
three months are missing (October, November, and December).

= Given the seasonal nature of ozone, it" s possible that the levels of ozone are so low
in those months thatit" s not even worth measuring.

= Infact some of the monthly averages are below the typical method detection limit of
the measurement technology, meaning that those values are highly uncertain and
likely not distinguishable from zero.
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= You should always be thinking of ways to challenge the

results, especially if those results comport with your prior
expectation.

m 24 R RE:

= Some counties do not have measurements every month. Is
this a problem?

= Would it affect our ranking of counties if we had those
measurements?

= How stable are the rankings from year to year?

= We could get a sense of the stability of the rankings (use
bootstrap samples to validate.) by shuffling the data around a
bit to see if anything changes.
m The ozone data are different randomly from year to year, but
generally follow similar patterns across the country. So the shuffling

process could approximate the data changing from one year to the
next. It could give us a sense of how stable the rankings are.
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Do you have the right data?
m  Sometime the dataset is not really appropriate for the question.

Do you need other data?
m e.g., whether the county rankings were stable across years?

m  We addressed this by resampling the data once to see if the rankings changed,
but the better way to do this would be to get the data for previous years and re-
do the rankings.

Do you have the right question?
= e.g., which counties were in violation of the national ambient air quality standard?

= However, this is a much more complicated calculation to do, requiring data from
at least 3 previous years.

The goal of EDA is to get you thinking about your data and reasoning
about your question. We can refine our question or collect new data,
all in an iterative process to get at the truth.

https://hmwu. 1dv.tw




BRRERINERN SN
EDA
Assumptions

https://hmwu. 1dv.tw




e
Jfg-'

= There are four assumptions that underlie all measurement
processes: the data from the process at hand "behave like":
= random drawings;
= from a fixed distribution;
= with the distribution having fixed location; and
= with the distribution having fixed variation.

= The general model for Univariate (Single Response Variable):
response = deterministic component + random component

becomes
response = constant + error

http://www.itl.nist.gov/div898/handbook/eda/section2/eda2.htm

https://hmwu. 1dv.tw




response = constant + error

= Assumptions for Univariate Model : the "fixed location" is simply
the unknown constant

m The process at hand to be operating under constant conditions
that produce a single column of data with the properties that

» the data are uncorrelated with one another;

» the deterministic component consists of only a constant;
= the random component has a fixed distribution; and

= the random component has fixed variation.

Extrapolation to a Function of Many Variables

= The univariate model can be extended to the more general case:
the deterministic component is a function of many variables.

http://www.itl.nist.gov/div898/handbook/eda/section2/eda2.htm
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Residuals Will Behave According to Univariate Assumptions

= Regardless of how many factors there are, how complicated the
function is, if we choose a good model, then the differences
(residuals) between the raw response data and the predicted
values from the fitted model should themselves behave like a
univariate process.

= Theresiduals from this univariate process fit will behave like:

random drawings;

from a fixed distribution;
with fixed location; and
with fixed variation.

= Validation of Model: if the residuals violate one or more of the
above univariate assumptions, then the chosen fitted model is
inadequate.
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(1) Predictability and Statistical Control

m If the four underlying assumptions hold, then we have
achieved probabilistic predictability--the ability to make
probability statements not only about the process in the
past, but also about the process in the future.

m Such processes are said to be "in statistical control".

(2) Validity of Engineering Conclusions

» If the four assumptions are valid, then the process is
amenable to the generation of valid scientific and
engineering conclusions.

» If the four assumptions are not valid, then the process is
unpredictable, and out of control. Such process leads to
engineering conclusions that are not valid, and which are
not repeatable in the laboratory.
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§ Four Techniques (4-plot) to Test Underlying Assumptions
= run sequence plot (Yvs )
» lagplot (Y;vs V.,
= histogram (counts vs subgroups of Y
= normal probability plot (ordered Yvs theoretical ordered VY]

SX
0
\

I I \ I I I
0 10 20 30 40 50

Index

sx[1:49]

sx[2:50]

This 4-plot reveals a process that has fixed location,
fixed variation, 1s random, apparently has a fixed
approximately normal distribution, and has no outliers.

Sample Plot: Assumptions Hold

: 4-plot for normal random numbers (ACTIVE)
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Normal Q-G Plot
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= If one or more of the four underlying assumptions do not
hold, then it will show up in the various plots

m This 4-plot reveals a process that has fixed location, fixed
variation, is non-random (oscillatory), has a non-normal,
U-shaped distribution, and has several outliers.

Sample Plot: Assumptions Do Not Hold
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S
o — |
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= o )
] 8 _ Histogram of x Normal Q-Q Plot
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Case. Flat and Equi-Banded, Random, Bell-Shaped, and Linear
= Fixed Location holds: the run sequence plot will be flat and non-drifting.

= Fixed Variation holds : the vertical spread in the run sequence plot will
be the approximately the same over the entire horizontal axis.

= Randomness holds: the lag plot will be structureless and random.
m  Fixed (normal) Distribution holds: the histogram will be bell-shaped,

and the normal probability plot will be linear.

plot(x, type="1")
plot(x[2:n], X[1:(n-1)])
- hist(x)
= 2 qgnorm(x);qqline(x)
5 o] 4-plot for the Sepal Length of Iris Data:
E |
g— $ — IP 4-plot for Sepal.Length of iris (ACTIVE) - o] x|
E _
® g B I I I I Histogram of iris[, 1] Normal Q-G Plot
0 50 100 150 . m_ 0 2 - o m‘

- I~ [ ] 00000 ﬁ i . P~ ]
= ~ | o = g °og:°°o°o§°°°oo N % a
R - 2 o §XBIT E . B s “
) ©@ 2 = N o °% o oo g = = T
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= Run Sequence Plot:

= if the run sequence plot is flat and non-drifting, the fixed-location
assumption holds.

= If the run sequence plot has a vertical spread that is about the same
over the entire plot, then the fixed-variation assumption holds.

= Lag Plot: if the lag plot is structureless, then the randomness
assumption holds.

= Histogram: if the histogram is bell-shaped, the underlying
distribution is symmetric and perhaps approximately normal.

= Normal Probability Plot: if the normal probability plot is linear,
the underlying distribution is approximately normal.
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m The usual estimate of location is the mean
_ 1 X

T==YY
N2

= If the run sequence plot does not support the assumption of fixed
location, then
m The location may be drifting.
m The single location estimate may be meaningless (if the process is drifting).
m The choice of location estimator (e.g., the sample mean) may be sub-optimal.
m The usual formula for the uncertainty of the mean:

_ 1 il s
(V)= e | > (% - T)

i=1

may be invalid and the numerical value optimistically small.
= The location estimate may be poor.
= The location estimate may be biased.

http://www.itl.nist.gov/div898/handbook/eda/section2/eda252.htm
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m The usual estimate of variation is the standard deviation

= |f the run sequence plot does not support the assumption of
fixed variation, then

= The variation may be drifting.

= The single variation estimate may be meaningless (if the process
variation is drifting).

= The variation estimate may be poor.
= The variation estimate may be biased.
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= The randomness assumption is the most critical but the
least tested.

8)
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» |If the randomness assumption does not hold, then
= All of the usual statistical tests are invalid.

m The calculated uncertainties for commonly used statistics
become meaningless.

m The calculated minimal sample size required for a pre-
specified tolerance becomes meaningless.

m The simple model: y = constant + error becomes invalid.

= The parameter estimates become suspect and non-
supportable.
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= Autocorrelation is the correlation between Y,and Y, , where «is
an integer that defines the lag for the autocorrelation.

= Autocorrelation is a time dependent non-randomness. This
means that the value of the current point is highly dependent on
the previous point if & = I (or kpoints ago if kis not 1).

= Autocorrelation is typically detected via an autocorrelation plot
or a lag plot.

m If the data are not random due to autocorrelation, then
= Adjacent data values may be related.

= There may not be n independent snapshots of the phenomenon
under study.

= There may be undetected "junk"-outliers.
= There may be undetected "information-rich"-outliers.
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= The mean (average) is routinely used to estimate the
"middle" of a distribution. It is not so well known that the
variability and the noisiness of the mean as a location
estimator are intrinsically linked with the underlying
distribution of the data.

= For any given distribution, the estimator with minimum
variability/noisiness is an optimal choice.

= This optimal choice may be, for example, the median, the
midrange, the midmean, the mean, or something else.

m The /mplication of this is to "estimate" the distribution first,
and then--based on the distribution--choose the optimal
estimator.
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= Distribution

m The distribution may be changing.

= The single distribution estimate may be meaningless (if

the process distribution is changing).
= The distribution may be markedly non-normal.
m The distribution may be unknown.

= The true probability distribution for the error may

remain unknown.
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m Process

= The process may be unpredictable.
= The process may be un-modelable.

The model may be changing.
The single model estimate may be meaningless.
The model "Y = constant + error" may be invalid.

If the default model is insufficient, information about a
better model may remain undetected.

A poor deterministic model may be fit.

Information about an improved model may go
undetected.

The process may be out-of-control.
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DataExplorer

DataExplorer o.8.1 ) Reference  Articles ~ Changelog

Datakxplorer

Background

Exploratory Data Analysis (EDA) is the initial and an important phase of data analysis/predictive modeling. During this process,
analystsfmodelers will have a first look of the data, and thus generate relevant hypotheses and decide next steps. However, the EDA
process could be a hassle at times. This R package aims to automate most of data handling and visualization, so that users could

focus on studying the data and extracting insights.

Installation

The package can be installed directly from CRAN.
install.packages("DataExplorer")
However, the latest stable version (if any) could be found on GitHub, and installed using devtools package.

it (!require(devtools)) install.packages("devtools")
devtools::install github({"boxuancui/DataExplorer")

If you would like to install the latest development version, you may install the develop branch.

it (!require{devtools)) install.packages("devtools")
devtools::install github{"boxuancui/DataExplorer", ret = "develop")
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val idate

validate: Data Validation Infrastructure
https://cran.r-project.org/web/packages/validate/index.html

The Data Validation Cookbook

Mark P.J. van der Loo

2020-12-08 | validate version 1.0.1
https://data-cleaning.github.io/validate/
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